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1. Introduction

The unequal access to resources and opportunities among different 
geographic areas and social groups (known as socio-spatial inequality) 
stands as a significant barrier to sustainable urban development (Dikeç, 
2001). Multiple studies from various disciplines demonstrate these dis
parities through their analysis of income, housing, employment, 
healthcare access, and environmental exposures (Chen et al., 2022; 
Green et al., 2021; Liu et al., 2024; Nijman & Wei, 2020; Robinson et al., 
2019). Furthermore, such disparities directly influence communities’ 
capacity to withstand and recover from disruptions, namely, the key 
concept of urban resilience (Amirzadeh et al., 2022; Meerow et al., 
2016; Ribeiro & Pena Jardim Gonçalves, 2019; Sharifi & Yamagata, 
2018).

The United Nations’ SDG11 acknowledges these issues and states 
that urban resilience improvement is essential to developing cities that 
are inclusive, safe and sustainable (Acuti et al., 2020; Bautista-Puig 
et al., 2022; Nunes et al., 2019). Early research on urban resilience 
mainly focused on reinforcing physical infrastructure and economic 
stability, while growing evidence now reveals the critical role of human 
mobility and social engagement in fostering resilience (Haraguchi et al., 
2022; Meerow & Newell, 2019; Yan et al., 2025). However, the impact 
of socioeconomic deprivation on urban vibrancy resilience (UVR) re
mains underexamined, despite its central relevance to advancing equi
table and sustainable urban development.

Built on this context, this study seeks to create an analytical frame
work that can be replicated and transferred to evaluate neighbourhood 
resilience by exploring multidimensional socioeconomic factors that 
focus on social deprivation. Four objectives are proposed to accomplish 
our aim. First, our analysis of UVR involves examining longitudinal 
mobility data from pre-, peri-, and post-pandemic periods to understand 
both immediate disruptions and long-term recovery patterns. Second, 
we develop a socioeconomic deprivation index which assesses local 

variations throughout New York City (NYC). Third, a composite UVR 
index is created to measure resilience patterns throughout NYC’s taxi 
zones. Finally, our analysis utilises a spatial econometric model to 
examine how socioeconomic deprivation affects UVR while considering 
spatial heterogeneity. The research bridges a key gap in resilience 
studies by merging socio-spatial inequality with UVR to provide deeper 
insights into urban resilience disparities.

2. Literature review

2.1. Evolving perspectives on urban resilience

The understanding of urban resilience has increasingly been shaped 
by two complementary perspectives: robustness and adaptivity 
(Schweitzer et al., 2022). Robustness focuses on structural stability 
which means urban systems maintain their functions even after expe
riencing disruptive events. Adaptivity demonstrates how urban areas 
employ dynamic processes to modify and restructure themselves 
following disturbances. Early studies concentrated on robustness to 
create conceptual and strategic frameworks that emphasised durable 
infrastructure development, long-term urban planning, and economic 
stability (Acuti et al., 2020; Afrin et al., 2021; Meerow et al., 2016; 
Newman et al., 2017; Ribeiro & Pena Jardim Gonçalves, 2019).

Urban resilience studies are now more focused on data-driven 
methods because new data sources, like mobility and social media in
formation, demonstrate how communities use people’s movements and 
social networks to adapt to city changes (Chen et al., 2024; Haraguchi 
et al., 2022). Chang et al. (2021) used mobile phone data to measure 
adaptive capability across US urban regions during COVID-19, indi
cating that cities with higher mobility flexibility and dispersed activity 
patterns recovered faster from lockdowns. Pfefferbaum et al. (2015)
showed that strong social connections helped communities survive and 
adapt during the 1995 Chicago heatwave. Despite increased interest in 

* Corresponding author. School of Social and Public Administration, East China University of Science and Technology, Shanghai, China.
E-mail address: maychen@ecust.edu.cn (M. Chen). 

Contents lists available at ScienceDirect

Habitat International

journal homepage: www.elsevier.com/locate/habitatint

https://doi.org/10.1016/j.habitatint.2025.103543
Received 7 November 2024; Received in revised form 4 August 2025; Accepted 5 August 2025  

Habitat International 165 (2025) 103543 

Available online 12 August 2025 
0197-3975/Crown Copyright © 2025 Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-7189-3323
https://orcid.org/0000-0002-7189-3323
https://orcid.org/0000-0003-2712-5551
https://orcid.org/0000-0003-2712-5551
mailto:maychen@ecust.edu.cn
www.sciencedirect.com/science/journal/01973975
https://www.elsevier.com/locate/habitatint
https://doi.org/10.1016/j.habitatint.2025.103543
https://doi.org/10.1016/j.habitatint.2025.103543
http://crossmark.crossref.org/dialog/?doi=10.1016/j.habitatint.2025.103543&domain=pdf
http://creativecommons.org/licenses/by/4.0/


these issues, the combined impact of human mobility and socioeconomic 
disparity on neighbourhood-level adaptation is understudied, limiting 
our knowledge of the dynamic mechanisms driving urban resilience 
during extended shocks.

2.2. Conceptualisation of urban vibrancy resilience

Urban vibrancy refers to the dynamic liveliness of urban spaces, 
driven by economic activity, social engagement, and land-use diversity 
(Jacobs, 1961; Yue et al., 2017). Urban vibrancy serves as a crucial in
dicator of urban well-being, since lively cities foster innovation, cultural 
interchange, and economic growth (Chen et al., 2019). Researchers have 
examined urban vitality by evaluating land-use variety and public space 
activity through human mobility patterns (Liu et al., 2021; Tu et al., 
2020). However, the resilience of urban vibrancy against disruptions 
remains an understudied topic.

The COVID-19 pandemic revealed a drop in urban vibrancy as 
mobility restrictions coupled with economic difficulties and social 
isolation led to the need for research into UVR. The UVR expands 
traditional urban resilience theory through an investigation of changes 
in human activity and mobility patterns during unforeseen urban dis
ruptions (Chen et al., 2024; Liu, Wang, et al., 2023). The concept be
comes essential for addressing socioeconomic inequalities as 
marginalised groups typically experience more severe disturbances to 
their movement and social ties during times of crisis.

2.3. Urban vibrancy resilience studies since COVID-19

The pandemic has triggered lasting urban adaptations including 
remote work, hybrid commuting, online education, and digital com
merce, which continue to influence the post-pandemic “new normal” era 
(Florida et al., 2021; Huang & Li, 2022). Recent studies have examined 
how urban areas resist the COVID-19 pandemic alongside the impacts of 
socioeconomic elements on their resilience (Florida et al., 2021). 
researched urban recovery from the COVID-19 pandemic through 
analysis of mobility and economic activity variations over time. Ntounis 
et al. (2022) conducted a quantitative analysis to understand how in
come differences affected city vibrancy. The research by Valenzuela-
Levi et al. (2021) demonstrated how employment changes create uneven 
spatial effects on urban vibrancy. Xiao and Liu (2023) and Zhang and 
Wang (2023) investigated human mobility alongside public engagement 
and spatial variability and found that area vibrancy varies significantly 
based on the socioeconomic conditions.

However, most current research examines socioeconomic factors 
separately without addressing their interconnected effects on UVR. 
Designing equitable resilience strategies requires thorough analysis of 
the relationship between multidimensional socioeconomic factors and 
the adaptivity of urban vibrancy.

2.4. Research gaps

Current studies have improved urban resilience knowledge, but 
significant research gaps still exist. First, most studies failed to conduct 
comprehensive long-term evaluations to monitor the entire develop
ment of vibrancy resilience. They tended to capture short-term data 
points, or “snapshots”, rather than tracking continuous changes from 
pre-pandemic to post-pandemic periods, which limits our understanding 
of extended adaptation and recovery patterns (Florida et al., 2021). 
Second, current research examines city and regional scales but overlooks 
detailed neighbourhood-level investigations (Ntounis et al., 2022; 
Valenzuela-Levi et al., 2021). Small-area assessments are needed for 
targeted interventions because resilience dynamics function at highly 
localised levels, which exhibit spatial differences. Most importantly, the 
current research fails to examine how socioeconomic elements interact 
with each other while assessing their influence on UVR (Alizadeh & 
Sharifi, 2021; Pfefferbaum et al., 2015). The multidimensional nature of 

resilience demands that urban planning employs a comprehensive 
analytical framework which combines socioeconomic deprivation fac
tors with human mobility and spatial dynamics. To effectively address 
these gaps, we need a replicable data-driven framework which captures 
UVR’s spatiotemporal dimensions while examining socioeconomic in
equalities’ effects on resilience at detailed spatial levels.

3. Data

3.1. Study area and period

New York City (NYC), comprising the boroughs of Brooklyn, Queens, 
Manhattan, the Bronx, and Staten Island, emerged as the world’s first 
megacity in the 1930s and remains the most populous urban centre in 
North America (Gross & Savitch, 2023). The reasons for its selection as 
our case study are threefold. First, its exceptional population density, 
intricate urban built environment, and diverse sociodemographic 
composition collectively make it an ideal “natural laboratory” for 
examining heterogeneous urban dynamics. Second, NYC was an early 
epicentre of the COVID-19 pandemic in the US (Thompson et al., 2020), 
subject to three government-mandated lockdowns (in March 2020, 
November 2020, and January 2021) that severely disrupted daily life 
and urban functionality, revealing the vulnerabilities of typical metro
politan areas. Lastly, the city’s robust open-data infrastructure (e.g., 
NYC Open Data1) enables in-depth, neighbourhood-level UVR analyses. 
Publicly accessible datasets - spanning mobility records, sociodemo
graphic information, and land-use data-provide a solid foundation for 
integrating mobility metrics with contextual variables, thus offering 
deeper insights into the ways diverse neighbourhoods adapt and recover 
following urban shocks.

The research timeline spans 52 months, starting from September 1, 
2019 and ending on December 31, 2023, to cover all phases of the 
COVID-19 timeline, including the pre-pandemic, peri-pandemic and the 
“new normal” period. By using this longitudinal approach, in
vestigations can be performed through both recovery processes and 
pandemic effects while also gaining an in-depth understanding of UVR 
dynamics throughout these essential times.

3.2. Mobility data and taxi zones

For-Hire Vehicle (FHV) trip data were used to represent urban 
vibrancy in this study. FHV data, comprising NYC’s traditional FHV 
vehicles, Uber, Lyft, Juno, and Via services, has transformed NYC’s 
transportation system, surpassing 100,000 vehicles in 2019 and dis
placing traditional yellow and green taxis (Roberton et al., 2020). By 
2019, FHVs accounted for approximately 76 % of all TLC-regulated 
trips, making them a city-wide and ubiquitous service with a uniform 
data structure across all five boroughs. The substantial increase in daily 
FHV trips from 439,000 in 2017 to 701,000 in 2019, alongside its 
consistent longitudinal signal, established this dataset as a valuable 
foundation for investigating dynamic urban activity (Blasio & Jarmos
zuk, 2020).

The FHV industry in NYC was hit severely due to the disruption from 
the COVID-19 pandemic (NYC TLC, 2020). The city announced a state of 
emergency just days after logging its first COVID-19 case on March 1, 
2020 while ordering extensive shutdowns of non-essential businesses 
and travel. Consequently, the FHV sector has experienced a marked 
decline in activity since it heavily depends on business, tourism and 
daily commuting. Subsequently, as restrictions were gradually eased 
and the city slowly adapted to the new conditions, many FHV drivers 
diversified their services by taking on food delivery roles under the city’s 
GetFood programme (Pereira, 2020). By June 2020 FHV trips climbed 
roughly 78 % since their lowest point but still stayed 71 % beneath the 

1 https://opendata.cityofnewyork.us/.
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levels they reached in June 2019 before the pandemic struck (NYC TLC, 
2020). The significant downturn followed by gradual recovery in FHV 
activity shows how urban systems adapt and provides useful context for 
studying UVR throughout the COVID-19 pandemic.

FHV trip data were collected from the NYC Taxi and Limousine 
Commission (TLC) data repository2, which were constructed using the 
NYC Department of City Planning’s Neighbourhood Tabulation loca
tions data to accurately display locations and better assess passenger 
pick-up and drop-off (NYC TLC, 2019). TLC has divided the city into 263 
distinct taxi zones (262 zones are located within the five boroughs of 
NYC), each assigned a specific number. The data is recorded daily and 
contains rows that reflect unique FHV trips. Each trip is identifiable by 
TLC taxi zone IDs for the pick-up and drop-off locations and includes 
timestamps. Starting in the second half of 2016, these locations were 
designated using taxi zone IDs instead of GPS coordinates due to privacy 
considerations.

A “temporal profile” for each taxi zone was created by aggregating 
daily FHV pick-ups and drop-offs, capturing the dynamic nature of 
urban vibrancy over the five-year study period. To smooth out daily 
fluctuations and remove seasonality impacts, a seasonal-trend decom
position procedure based on Loess (STL) was applied, producing a 
smoothed curve that reflects the general half-year (180-day) urban 
vibrancy trend in NYC (Rojo et al., 2017). Fig. 1 illustrates the spatial 
distribution of TLC taxi zones and their smoothed trend curves across 
NYC’s five boroughs.

3.3. American community survey data

The research utilises the most recent five-year American Community 
Survey (ACS) estimates from 2022 at the Census Tract level released by 
the US Census Bureau to depict NYC’s socioeconomic conditions. The 
ACS serves as a rolling survey which took the place of the long-form 
decennial census in 2010 to deliver yearly information on US de
mographic, social, economic, and housing patterns. While this contin
uous collection process ensures relatively up-to-date information, its 
complex sampling design and small sample size can lead to estimation 
inaccuracies, particularly in smaller geographic areas (Spielman & 
Singleton, 2015).

We utilise these ACS data to derive key socioeconomic indicators 
reflecting aspects of living conditions, vehicle availability, employment 
and related factors for constructing the Carstairs Index (CI). Such vari
able selection is guided by the established CI framework, which will be 
elaborated in more depth in the methodology section. Furthermore, 
additional demographic variables are extracted from the ACS data and 
incorporated as covariates in the subsequent analysis.

4. Methods

Our study introduces a dual-layer analytical structure which exam
ines UVR through the lens of multidimensional socioeconomic depri
vation, thereby addressing key gaps in existing research. Fig. 2 displays 
the essential framework structure. The first layer, termed the socioeco
nomic deprivation layer, utilises the well-established CI to measure 
material disadvantage across NYC’s taxi zones. The second layer, known 
as the urban vibrancy layer, constructs a composite UVR Index (UVRI) 
by analysing FHV mobility data. Both indices are then integrated within 
a Geographically Weighted Regression (GWR) model, where UVRI 
serves as the dependent variable and CI is the principal explanatory 
variable, alongside demographic, land-use and accessibility covariates 
derived from multiple NYC open-data sources. Since all datasets utilised 
in this study are openly available, the proposed framework is both 
reproducible and transferable to other urban contexts, thus offering 
significant contributions to the existing literature on urban resilience. 

The following subsections provide an in-depth discussion of each layer.

4.1. Socioeconomic deprivation layer

This research uses the CI, originally developed by (Carstairs & 
Morris, 1990), as a composite measure to systematically examine the 
socioeconomic deprivation across NYC at the TLC taxi zone level. The CI 
includes four census domains, namely, overcrowding, male unemploy
ment, lack of car ownership and low social class. This well-established 
method has been extensively applied in spatial epidemiology and pub
lic health research across different geographic scales (Anna et al., 2013; 
Buckingham et al., 2021; Fecht et al., 2018).

All four CI domains were obtained from the 2022 ACS five-year es
timates at the Census Tract level (see Table 1 for variable definitions). 
Because ACS data are not published at the TLC taxi-zone scale, we 
aggregated tract-level values to taxi zones using an area-weighted 
averaging approach. To avoid bias from areas with minimal residen
tial populations, zones dominated by major airports (i.e., Newark, 
LaGuardia, JFK), large parks (e.g., Central Park, Pelham Bay Park, Bronx 
Park), and other uninhabited areas (e.g., Rikers Island, Randall’s/Wards 
Island) were excluded. Following this filtering, 234 of the 263 TLC taxi 
zones remained for CI calculation.

For a certain TLC taxi zone i, the CI can be calculated by the 
following formula (Carstairs & Morris, 1990): 

CIi =
∑n

c=1
Zc

i 

Where n denotes the number of selected ACS variables, which totals 
four. Zc

i is the z-score value for each census variable c, calculated as 
follows (Kreyszig, 2011): 

Zc
i =

Xc
i − μc

σc 

Where Xc
i is the value of census variable c in the area of interest i. μc is the 

mean value across all TLC Taxi Zones for that variable, and σc is the 
standard deviation.

4.2. Urban vibrancy layer

We adapt the framework originally developed by Nan & Sansavini 
(2017) to systematically quantify UVR. In the adapted conceptual dia
gram (Fig. 3), the x-axis represents time, covering the study period from 
2019 to 2023, which is divided into three phases: pre-pandemic, peri-
pandemic (subdivided into Impact and Recovery stages), and 
post-pandemic (i.e., the new normal). The y-axis represents the stand
ardised urban vibrancy level for each TLC taxi zone, presented as an 
index. A baseline value of 100 corresponds to the average vibrancy level 
measured over a 180-day period prior to the COVID-19 pandemic (see 
the red dashed line in Fig. 3). This relative index enables each value to be 
interpreted as a percentage of pre-pandemic conditions; for example, a 
score of 50 implies 50 % of the baseline vibrancy, while a score of 200 
indicates that vibrancy has doubled. The observed U-shaped curve re
flects the initial reduction in urban vibrancy due to the COVID-19 
pandemic and its associated mobility restrictions, followed by fluctua
tions during the Recovery stage caused by subsequent pandemic waves 
and policy interventions. Although the post-pandemic average (indi
cated by the blue dashed line) is not necessarily lower than the 
pre-pandemic level in theory, in most cases it remains lower, while some 
zones even surpass the pre-pandemic baseline.

A composite index was constructed from four metrics derived from 
the smoothed resilience curve to assess UVR quantitatively. Each metric 
is designed to capture different aspects of the resilience process. 

2 https://www.nyc.gov/site/tlc/about/tlc-trip-record-data.page.
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1) Impact Range (IR): This metric computes the most significant 
reduction in urban vibrancy since the pandemic outbreak by calcu
lating the maximum deviation between the lowest point of urban 
vibrancy and the pre-pandemic baseline.

IRi =UVT1
i − UVT0

i 

Where IRi represents the Impact Range in taxi zonei. UVT0
i denotes the 

urban vibrancy in that taxi zone over a 180-day period prior to the 
outbreak day (T0), serving as the baseline. UVT1

i is the urban vibrancy at 
its lowest point during the pandemic, identified independently, and T1 
represents the time at which this minimum occurs. 

2) Impact Pace (IP): This metric measures the rate of decline in urban 
vibrancy from the pre-pandemic baseline to its lowest point, 
computed as the slope of the declining curve.

IPi =
UVT1

i − UVT0
i

T1 − T0 

Where IPi represents the Impact Pace in taxi zone i. The results illustrate 
the immediate and severe impacts of the pandemic, which was presented 
as a daily percentage. 

3) Recovery Pace (RP): This metric quantifies how quickly urban 
vibrancy rebounds from its lowest point to a recovery phase.

RPi =
UVT2

i − UVT1
i

T2 − T1 

Where RPi represents the Recovery Pace in taxi zone i. UVT2
i is the 

vibrancy at a later point indicative of recovery, and T2 is the time 
associated with this urban vibrancy. The result quantifies how quickly 

and effectively urban areas adapt to post-pandemic conditions, averaged 
by each day. 

4) Rebound Ratio (RR): This metric measures the recovery of urban 
vibrancy by comparing current levels to those before the pandemic.

RRi =
UVT2

i

UVT0
i

*100 

Where RRi represents the Rebound for taxi zone i. The resulting per
centage indicates the extent of recovery, with values above 100 showing 
that vibrancy has surpassed pre-pandemic levels, values exactly 100 
indicating a return to prior conditions, and values below 100 denoting 
that recovery is not yet complete.

As illustrated in Fig. 3, three key time points (i.e., T0, T1, and T2) are 
required to derive the four metrics of resilience. T0 corresponds to March 
1, 2020, when NYC confirmed its first COVID-19 case, marking the onset 
of pandemic disruption. T1 is defined as the lowest point in the smoothed 
vibrancy trends of each taxi zone, which represents the greatest 
disruption to mobility. On February 10, 2023, NYC ended its vaccine 
mandate for city workers and began easing other pandemic restrictions, 
initiating the “new normal” phase. However, because urban vibrancy 
did not immediately stabilise, we used a plateau detection algorithm 
(Wang & Wang, 2006) to determine T2 for each taxi zone. Specifically, 
the algorithm identifies the first plateau occurring on or after February 
10, 2023 that meets two criteria: The plateau detection algorithm 
required a daily variance tolerance of 0.05 along with a sequence of at 
least 15 consecutive days. The calculated T2 dates for each zone repre
sent the point at which local vibrancy reached a stable post-pandemic 
equilibrium.

Following identification of T0, T1, and T2, we computed four resil
ience metrics (i.e., IR, IP, RP, and RR) from each taxi zone’s smoothed 

Fig. 1. Daily raw and STL-smoothed FHV trip counts in each of NYC’s five boroughs (2019–2023), accompanied by a borough-level map showing the TLC taxi zones.
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vibrancy trend. To compile these metrics into a composite UVRI, Prin
cipal Component Analysis (PCA) was applied. PCA reduces a set of 
correlated variables into orthogonal principal components, thereby 
decreasing dimensionality while retaining the greatest share of variance 
(Jolliffe, 2002). We chose PCA over alternatives such as factor analysis 
or multidimensional scaling because it is computationally straightfor
ward, yields transparent variable loadings that clarify each metric’s 
contribution, and imposes minimal modelling assumptions (Jollife & 
Cadima, 2016). The first principal component, which explains the 
largest proportion of variance, constitutes our composite Urban 
Vibrancy Resilience Index (UVRI). For each taxi zone i, UVRI is calcu
lated as: 

UVRIi =PCA1(IRi, IPi,RPi,RRi)

Where PCA1 denotes the first principal component. IRi, IPi,RPi, and RRi 
are the values of four metrics computed at each taxi zone i.

4.3. Relationships between socioeconomic deprivation and UVR

We first examined the global association between the socioeconomic 
deprivation (measured by CI) and the UVR (measured by UVRI) across 
234 TLC taxi zones, using Pearson correlation and a correlation matrix of 
CI, UVRI, and their constituent metrics. However, a global measure such 

Fig. 2. Two-layer analytical framework for assessing UVR, integrating FHV-based UVRI and ACS-based CI with a GWR model.
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as Pearson’s correlation assumes uniformity across space and therefore 
cannot capture geographic variation.

To investigate spatial clustering of UVRI, we calculated Moran’s I 
and Local Indicators of Spatial Association (LISA). Moran’s I provides a 
single statistic to determine whether similar UVRI values cluster beyond 
random chance (Getis, 2007; Moran, 1950), while LISA identifies local 
hotspots and cold spots at a finer level (Anselin, 1995). Constructing a 
spatial weights matrix was critical for these spatial analyses, but NYC’s 
fragmented geography posed certain challenges. To address this, we 
adopted a hybrid approach. In contiguous parts of the city, we directly 
employed the Queen contiguity method, which defines taxi zones 
sharing any boundary point as neighbours. In contiguous parts of the 
city, we directly employed the Queen contiguity method, which defines 
taxi zones sharing any boundary point as neighbours. For those areas 
lacking direct contiguity, we applied a k-nearest neighbours (KNN) 
approach to form the neighbourhood matrix. The number of k was set to 
five based on the average number of neighbours observed in most taxi 
zones. This combined method ensured that each zone retained sufficient 
spatial connections for robust inference. Following the definition of this 
weights matrix, permutation-based tests (p < 0.05) were carried out for 
Moran’s I and LISA, thereby establishing whether any observed clus
tering of UVRI values diverged significantly from random distributions.

Spatial autocorrelation analysis shows where UVRI clusters but fails 
to explain how the relationship between CI and UVRI changes between 
different neighbourhoods. We therefore adopted GWR to capture spatial 
non-stationarity in the link between socioeconomic deprivation and 

UVR (Fotheringham et al., 2002). In contrast to ordinary least squares 
(OLS) and other spatial econometric models (e.g., spatial lag or error 
models), which largely address spatial dependence without producing 
localised estimates, GWR provides location-specific regression co
efficients by calibrating individual regressions for each observation 
area. This methodological advantage has been demonstrated in studies 
across multiple domains where spatial patterns matter, such as envi
ronmental justice and pollution exposure (Chakraborty et al., 2022), 
housing studies (Duan et al., 2021; Z. Huang et al., 2017), human 
mobility dynamics (Jin et al., 2019; Y. Wang et al., 2019), public health 
(Khedmati Morasae et al., 2024; Su et al., 2017), and urban resilience 
(Liu, Gu, et al., 2023; H. Wang et al., 2023).

The GWR specification defines UVRI as the dependent variable and 
CI as the primary explanatory factor. Based on established research 
within similar urban settings (Liu et al., 2020; Liu, Gu, et al., 2023), we 
include demographic factors (ethnic groups), built environment features 
(land use types), and accessibility measures (distance to the nearest 
transit stop, street intersection density, and employment-household 
entropy) to enhance model robustness. All these covariates of GWR 
were sourced from the NYC Open Data Platform, enabling a compre
hensive and data-driven representation of the local factors influencing 
neighbourhood resilience. Based on the study of (Fotheringham et al., 
2002), the GWR model can be expressed as: 

UVRIi = β0(ui, vi)+ β1(ui, vi)CIi + β2 (ui, vi)X2,i +…+ βk (ui, vi)Xk,i + ei 

where UVRIi signifies the UVRI at taxi zone i, CIi indicates the CI at zone 
i, and X2,i to Xk,i represent other covariates. The spatial coordinates 
(ui, vi) determine the local regression coefficients from β0 to βk, while ei 
represents the error component. We used the corrected Akaike Infor
mation Criterion (AIC) (Su et al., 2012) to ascertain the bandwidth for 
the GWR model, thereby guaranteeing optimal model performance. The 
resulting local coefficient estimates illustrate the geographical hetero
geneity of socioeconomic deprivation’s impact on UVR across various 
neighbourhoods in NYC.

5. Results

5.1. Disparities of social deprivation

Fig. 4 shows the CI across NYC’s TLC taxi zones and displays 

Table 1 
Socioeconomic variables selected from the 2022 ACS for the construction of CI.

Domains Measure Variable Description

Overcrowding Occupants Per 
Room

>1 occupant 
per room

% of households with 
more than 1 occupant per 
room

Unemployment Employment 
Status

Unemployed 
male

% of male population in 
the labour force who are 
unemployed

Lack of car 
ownership

Vehicles 
Available

No vehicle % of households with no 
vehicle available

Low social class Poverty Status Below poverty 
level

% of population with 
income in the past 12 
months below the poverty 
level

Fig. 3. Conceptual resilience curve to measure UVR in NYC.
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significant differences in socioeconomic status. The darker colour tones 
represent areas with greater deprivation, while the lighter colour tones 
show relatively wealthier locations. The CI range between − 5.52 and 
9.2 indicates major differences in urban living conditions. A borough- 
level stratification of CI medians further illustrates these divergences. 
The Bronx posts the highest median at 3.41, followed by Brooklyn at 
0.58, Manhattan at − 0.68, Queens at − 1.52, and Staten Island at − 3.13.

Zones featuring notably high CI values (i.e., severe deprivation) tend 
to cluster in northern Manhattan and substantial sections of the Bronx, 
with additional concentrations evident in parts of Brooklyn. In contrast, 
neighbourhoods with lower CI scores, which indicate relative wealth, 
primarily exist on Staten Island, eastern Queens, and sections of lower 
Manhattan, including Midtown and the Upper East Side.

5.2. Spatial patterns of urban vibrancy resilience

A series of maps in Fig. 5 illustrates the spatial distribution of the four 
UVR metrics (IP, IR, RP, and RR) across NYC, highlighting disparities in 
the neighbourhood’s ability to withstand and recover from pandemic- 
related disruptions. Fig. 5(a) and (b) are both represented by negative 
values, with darker colours signifying a faster decline and a greater 
impact, respectively. The most severe impacts and accelerated reduction 
in urban vibrancy are observed in middle and lower Manhattan, 
northeast Queens, and southern Staten Island, whereas the Bronx, 
eastern Brooklyn, and southern and eastern Queens show a slower fall 
and lesser impacts, indicating a more progressive decline.

Fig. 5(c) highlights the variability in recovery speeds across different 
areas of the city, where darker colours indicate a faster pace of recovery 
from the pandemic’s impact. The overall spatial patterns align with 
those of IP and IR, where middle and lower Manhattan, northeast 
Queens and southeast Brooklyn show the most rapid recovery since the 
pandemic outbreak. In addition, most areas in Staten Island also illus
trate faster recovery. These regions’ resilience is demonstrated by their 
quick return to pre-pandemic levels of urban vibrancy. The slower re
covery areas are found in the areas where slower reduction and smaller 

impacts are identified in Fig. 5(a) and (b).
The spatial patterns of Fig. 5(d) differ slightly from other metrics. 

Over half (i.e., 57 %) of taxi zones show higher RR values, which il
lustrates a holistic resilient rebound in NYC. Green areas in Staten Is
land, eastern Queens, and lower Manhattan indicate that the recovery of 
urban vibrancy has surpassed the pre-pandemic levels. Conversely, pink 
shades with RR values less than 97.3 suggest a “new normal” for these 
areas has not yet attained past urban vibrancy. These areas are primarily 
found in central and northern Manhattan, the southern Bronx, and 
Brooklyn’s central and southeastern parts. Zones that have returned to 
pre-pandemic levels are represented by white-coloured areas, which are 
primarily scattered throughout the Bronx, Brooklyn, and Queens.

The spatial distribution of the computed UVRI is presented in Fig. 6
(a), where higher values (shades of yellow) denote greater resilience, 
while lower values (dark blue) signify lower resilience. Fig. 6(b) and (c) 
demonstrate how UVRI is computed by using the PCA approach. The 
UVRI in Fig. 6(a) spans from − 3.54 to 3.4, signifying substantial spatial 
variability in the resilience of urban vitality throughout NYC. Manhattan 
displays the greatest median UVRI (1.73), with notably elevated spatial 
concentration in lower and central Manhattan, significantly enhancing 
its overall resilience. The majority of Staten Island exhibits relatively 
high resilience with the second-highest median UVRI (0.55), except for 
its northeast points. Northeast and west Queens, as well as northwest 
Brooklyn, contain additional small-scale zone concentrations with 
elevated UVRI. The Bronx has the lowest median UVRI (− 2.31) of all 
boroughs, suggesting that it is extremely challenging to maintain urban 
vibrancy during COVID-19. Southeast Brooklyn, northern Manhattan, 
and southeast Queens are also home to low-value aggregations, which 
hinder the vibrancy of the urban environment in these communities.

Fig. 6(b) illustrates the eigenvalues and cumulative variance 
explained by the first four principal components. According to the dia
gram, the first principal component (PC1) solely explains a substantial 
67 % of the total variance, effectively capturing most of the essential 
information from the original UVR metrics. PC1, which captures most 
variance, is used to build the UVRI, while the second principal 

Fig. 4. Spatial distribution of the CI across NYC’s TLC taxi zones, with borough-stratified median values.
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component, which explains 31.8 % variation, captures mainly residual 
variance. Fig. 6(c), the PCA biplot, further highlights the relative con
tributions of each original metric to the first two principal components. 
IR and IP both display significant negative impacts on PC1, which ap
proaches − 1, whereas RP demonstrates a strong positive association 
with PC1 at approximately 0.9. These indicate that regions with high 
UVRI values show slower and less intense disturbances but demonstrate 
faster recovery rates. RR produces a negligible impact on PC1, while the 
other three metrics demonstrate more significant effects. Instead, RR 
shows a strong negative influence on PC2, which indicates that its 
pattern in UVR behaviour differs from IR, IP and RP. This biplot clearly 
illustrates how impact degrees alongside recovery speed influence the 
resilience patterns across NYC taxi zones, enhancing the interpretability 
and transparency of UVRI.

5.3. Global and local relationships between CI and UVRI

Fig. 7 presents a correlation matrix that showcases the global Pear
son correlations among the UVRI components and the CI across NYC’s 

TLC taxi zones. Overall, UVRI correlates significantly and negatively 
with CI (r = − 0.6, p < 0.001). This indicates that areas with a higher 
level of resilience are more likely to exhibit lower socioeconomic 
disadvantage. Particularly, the correlations between UVRI and two of 
CI’s constituent measures, UM and BP, show the same high negative 
associations (r = − 0.66, p < 0.001). This result highlights the crucial 
role of economic stability in supporting resilience fostering. Conse
quently, communities characterised by higher unemployment or a 
greater proportion of the population living below the poverty line 
appear less capable of sustaining vibrancy during disruptions.

As mentioned earlier, the Pearson correlation does not consider 
spatial dependencies. Accordingly, we explore UVRI’s spatial autocor
relation to reveal its spatial pattern. The analysis results that include the 
Moran’s I scatter plot (b), LISA cluster map (a), and LISA significance 
map (c) are presented in Fig. 8. The Moran’s I score of 0.804 indicates a 
relatively high positive spatial autocorrelation, suggesting that zones 
with high UVRI tend to be surrounded by other high-resilience areas, 
and vice versa. This reinforces the necessity of employing a GWR model 
to consider localised spatial variations in the subsequent relationship 

Fig. 5. Spatial distribution of the four UVR components across NYC’s TLC taxi zones, with borough-stratified median values: (a) Impact Pace (IP), (b) Impact Range 
(IR), (c) Recovery Pace (RP), and (d) Rebound Ratio (RR).
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analysis.
The LISA cluster map shows the different UVRI levels in different TLC 

taxi zones by showing where the statistically significant high- and low- 
resilience clusters are grouped together. Overall, a total of 77 taxi zones 
demonstrates significant local spatial autocorrelation with p-values 
below 0.05. Within these statistically significant clusters, High–high 
(HH) clusters, indicating resilient hotspots, are primarily located in 
middle and lower Manhattan, northwest Brooklyn, southern Staten Is
land, and northeast Queens. Conversely, low–low (LL) clusters, repre
senting resilience cold spots, mainly appear in the Bronx, northern 
Manhattan, and southeast Brooklyn.

The results from the spatial autocorrelation analysis confirmed the 

presence of spatial dependencies, prompting the use of an adjusted GWR 
model to examine how the relationship between local contextual factors 
and UVR varies across neighbourhoods. Fig. 9 presents the GWR results. 
The local coefficients for CI shown in Fig. 9(a) display negative values 
for every borough, which indicates that areas with higher levels of so
cioeconomic deprivation experience reduced UVRI. However, the 
strength of this relationship varies geographically. The most pronounced 
negative effects are found in Brooklyn (median = − 0.41) and Queens 
(− 0.37), as indicated by darker shaded areas. In contrast, Manhattan 
(− 0.26), the Bronx (− 0.28), and Staten Island (− 0.31) show compara
tively weaker relationships, pointing to spatial heterogeneity in how 
deprivation influences vibrancy resilience.

Fig. 6. (a) Spatial distribution of the UVRI across NYC’s TLC taxi zones with borough-stratified median values. (b) Scree plot showing eigenvalues and cumulative 
variance explained by the first four principal components. (c) PCA biplot illustrating the contributions and correlations of four UVR components (IP, IR, RP, RR) with 
the first two principal components.

Fig. 7. Pearson correlation matrix between the UVRI and CI components. Cell colours represent correlation strength and direction; significance levels are denoted by 
asterisks (*p < 0.05; **p < 0.01; ***p < 0.001), with “ns” indicating non-significance. (For interpretation of the references to colour in this figure legend, the reader 
is referred to the Web version of this article.)
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Fig. 9(b) presents the distribution of GWR coefficient estimates with 
95 % confidence intervals, illustrating the varying influences of socio
economic deprivation, demographic composition, built environment, 
and accessibility factors on UVRI across NYC taxi zones. The CI main
tains its position as the top negative predictor with a median coefficient 
value of − 0.33 that varies between − 0.47 and − 0.19, thereby validating 
the significant impact of socioeconomic deprivation on UVR. As a key 
demographic indicator, ethnic composition shows that White pop
ulations have positive links to UVRI, while Black and Hispanic or Latino 

populations have negative impacts, which indicate underlying socio- 
spatial disparities in resilience. Built environment factors, such as resi
dential and institutional land use, generally have negative effects, while 
commercial areas exhibit a modest positive influence, suggesting that 
economic activity may aid in urban vibrancy recovery. Accessibility- 
related predictors, including distance to transit, street intersection 
density, and land-use diversity, show mixed but generally weaker 
associations.

Fig. 8. Spatial autocorrelation of UVRI across NYC’s TLC taxi zones: (a) LISA clusters (p < 0.05); (b) Moran’s I scatter plot (I = 0.804); (c) LISA significance levels.

Fig. 9. Results of the adjusted GWR model for UVRI: (a) Spatial distribution of local GWR coefficients for the CI across NYC’s TLC taxi zones with borough-stratified 
median values; (b) Coefficient distribution plot with 95 % confidence intervals, showing the influence of CI and covariates on UVRI.
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6. Discussions

6.1. Mechanisms of urban vibrancy resilience

This study utilised the CI, a well-established composite method, as 
the foundation of the socioeconomic deprivation layer within our pro
posed analytical framework to construct a multidimensional deprivation 
measure across 234 TLC taxi zones in NYC. The spatial distribution of CI 
closely mirrors the city’s entrenched socioeconomic landscape, which 
supports the contextual validity of the index. The southern Bronx, 
northern Manhattan, and northern Brooklyn have significantly high CI 
values, aligning with historical trends of concentrated poverty, unem
ployment, and housing instability recorded in these boroughs (ICPH, 
2017; Johnson et al., 2022; Jonnes, 2022). This finding echoes existing 
research identifying these areas as epicentres of long-standing structural 
disadvantage (ICPH, 2017; Sharma et al., 2023; Liu et al., 2020; 2021). 
In contrast, zones with lower CI values, such as those on Staten Island, 
eastern Queens, and lower Manhattan, reflect more affluent urban 
contexts, where socioeconomic conditions are more stable, car owner
ship is more common, and access to essential services is less limited (Y. 
Huang & Li, 2022).

The UVRI findings showed significant spatial variation in taxi zones 
and boroughs throughout NYC. The downtown core of northeastern 
Brooklyn together with central and southern Manhattan areas along 
with Staten Island and Queens showed greater resilience because they 
recovered faster (RP) even though they experienced more intensive and 
rapid pandemic effects (IR and IP). The high recovery rate is especially 
noticeable for Staten Island, where all areas recovered rapidly and 
outperformed their previous vibrancy levels when entering the “new 
normal” stage. These conform to the fact that neighbourhoods with 
greater resilience often include economic and cultural hubs, dense and 
compact development, robust infrastructure, mixed land use, iconic 
landmarks, and good access to amenities and services (Chen et al., 2024; 
Sharifi & Yamagata, 2018). In contrast, areas with lower resilience are 
observed in Bronx, northern Manhattan, and eastern Brooklyn, which 
have historically been impacted by socioeconomic deprivation and un
even access to urban amenities (Liu et al., 2021). These neighbourhoods 
experienced slower and less significant effects, as well as delayed re
coveries, despite some eventually attaining higher levels of urban 
vibrancy upon returning to normalcy. This result is consistent with 
claims by (Dorvil et al., 2023), who stated notable disturbances the 
communities encountered in regions like the South Bronx and sections of 
Brooklyn during the COVID-19 epidemic.

More importantly, our study identifies negative associations between 
CI and UVRI, indicating that regions with high deprivation levels tend to 
show diminished resilience. Typical factors of deprivation include 
overcrowded homes, severe poverty along with unemployed males, 
which align with widespread community vulnerabilities through insuf
ficient resources and infrastructure, financial poverty and high living 
costs (Maroko et al., 2009; Wagmiller & Adelman, 2009; Hammarström, 
1994). These socioeconomic conditions shape how well people and 
communities can manage and rebound from pandemic effects. The 
findings expand the current body of knowledge by demonstrating how 
people with low socioeconomic status face greater vulnerability during 
crises such as the COVID-19 pandemic (Patel et al., 2020). Less deprived 
areas with robust economies, agile businesses and extensive transit 
networks alongside concentrated healthcare systems demonstrate 
stronger resilience which shows the critical role of strategic urban 
planning and investment for crisis management and the development of 
resilient cities.

The GWR results further demonstrate spatial heterogeneity in the 
association between CI and UVRI. Every taxi zone showed negative CI 
coefficients while central Brooklyn and southeastern Queens demon
strated stronger negative patterns which correlated with higher depri
vation and lower resilience. This demonstrates that resilience strategies 
should directly target the specific vulnerabilities linked to deprivation in 

these areas. The zones in Manhattan, the Bronx, and Staten Island 
revealed weaker associations, which suggests that institutional support 
and additional factors might help to mitigate negative effects beyond 
socioeconomic conditions. The impact of ethnicity-related variables on 
UVRI demonstrates the importance of designing resilience strategies 
that cater to the unique ethnic characteristics of different communities. 
Altogether, these findings point to the necessity of geographically sen
sitive policymaking to address socio-spatial disparities and to support 
equitable resilience across urban neighbourhoods.

6.2. Theoretical contribution

This study addresses the observed gaps and significantly contributes 
to urban resilience theory by explicitly integrating socio-spatial 
inequality with UVR. The utilisation of longitudinal FHV mobility data 
(2019–2023) to capture continuous urban vibrancy changes throughout 
the full spectrum of the pandemic, overcoming gaps in many studies that 
employed ‘snapshot’ approaches (Florida et al., 2021; Ntounis et al., 
2022; Valenzuela-Levi et al., 2021). Additionally, by providing a thor
ough quantitative assessment of UVR at small-area resolution, our study 
reveals significant neighbourhood-level socio-spatial disparities, filling 
methodological gaps in resilience research typically addressed only 
qualitatively or at broader city-level scales (Xiao & Liu, 2023; Zhang & 
Wang, 2023). Lastly, the developed analytical framework is innovative 
and reproducible that has not been documented in prior research and 
can be easily adjusted to varying urban contexts and policy goals for 
exploring resilience disparities across different regions and countries.

6.3. Policy implications

The patterns in the empirical data strongly suggest that measures to 
enhance UVR should be targeted to deprived neighbourhoods, given the 
negative correlation of deprivation with UVRI. The GWR analysis also 
reveals that the deprivation effect is most strongly negative in Brooklyn 
and Queens, and relatively lesser negative in Manhattan, the Bronx, and 
Staten Island. This evidence supports a place-based resource allocation 
that focuses on the neighbourhoods where deprivation has the largest 
dampening effect on resilience, and then applies lessons from higher- 
resilience areas to uplift underperforming locations.

Areas in central and eastern Brooklyn and southeast Queens should, 
therefore, combine income and employment support, micro-grants and 
technical assistance for high streets and local businesses with bus pri
ority and pedestrian and cycling links that make streets more accessible 
to activity generators. This recommendation aligns with both the sig
nificant negative correlations between UVRI and the unemployment and 
poverty domains of the CI and with the positive but weak effect of 
commercial use in the local modelling. If housing supply and afford
ability act as binding constraints in certain locations, then coordinate 
this package with the City of Yes for Housing Opportunity (Department 
of City Planning, 2024) to address overcrowding and stabilise tenure.

In the Bronx and northern Manhattan, where coldspots align with 
institutional assets, the focus should be on reliable public-realm man
agement and the expansion of social infrastructure to maintain daily 
activity and reduce recovery lags. Citywide frameworks such as OneNYC 
2050 (De Blasio et al., 2019) and the Community Parks Initiative (NYC 
Parks, 2020) offer suitable mechanisms for implementing these 
public-realm and community-asset investments. Higher-resilience areas, 
such as lower and central Manhattan, northwest Brooklyn, southern 
Staten Island, and northeast Queens, continue to serve as appropriate 
testbeds for piloting interventions such as flexible ground-floor activa
tion before scaling out measures to low-resilience areas.

Any interventions should be consistent with the patterns in the UVR 
indicators. Higher resilience is related to a lower impact range and 
speed, and faster recovery. Measures in deprived neighbourhoods, 
therefore, should both minimise the extent of losses through, for 
example, targeted rent relief, utility arrears support, and business- 
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continuity grants, and accelerate the rebound through time-limited 
footfall-linked grants, streamlined pop-up permitting and street opera
tions that directly support the local businesses. These recommendations 
follow from the component structure of the indicator, which makes clear 
how implementation can move the levers of resilience, rather than 
articulating broad ambitions.

Distributional and equity concerns must also be addressed. The local 
modelling suggests that ethnic composition also covaries with resilience 
in some neighbourhoods. White shares are positively associated, while 
Black and Hispanic or Latino shares are negatively associated. The 
implementation should adopt distributional targets by CI, monitor ac
cess to essential services and embed community co-design to ensure that 
benefits are delivered to groups over-represented in low-resilience 
zones.

6.4. Limitations and future works

This research contributes new insights into the concept of UVR. 
However, there are several limitations to this study. Firstly, we use 
urban mobility patterns as a main proxy to measure the concept of urban 
vibrancy. In reality, urban vibrancy can be a multi-dimensional and 
composite concept, with other factors such as social, economic, or cul
tural factors beyond physical movements, thus, solely relying on 
mobility data might miss these factors of urban vibrancy. More pre
cisely, even though mobility data can inform about human movement 
behaviour, other types of behaviours like social engagement also 
constitute an important part of urban vibrancy (Tu et al., 2020). In 
addition, many attributes of urban vibrancy brought by those behav
iours or perceived individually (e.g. sense of belonging to a community 
or living quality), might remain qualitative and not observable from 
mobility data, necessitating traditional survey or questionnaire ap
proaches (Maroko et al., 2009). Because mobility data focuses on 
movement, it can lead to an overrepresentation of transportation hubs, 
potentially understating vibrancy in locations with less physical move
ment but strong social activity. Nevertheless, large-scale mobility data 
offers a quantitative perspective with advantages in coverage and 
spatiotemporal resolution. As a result, an increasing number of studies 
use urban mobility as a proxy that is more feasible to obtain while still 
representing an important part of urban vibrancy, especially when it 
comes to understanding cities’ adaptation to such large-scale disrup
tions. Therefore, future research should include complementary quan
titative and qualitative approaches for a more complete urban vibrancy 
measure.

Secondly, with respect to FHV trip data, only using this modality 
cannot represent the full modal split of urban mobility in the study area 
as we miss important travel patterns that do not occur through this 
modality (such as walking, cycling, or public transit trips). This is a 
crucial limitation, particularly given that FHV trips accounted for only a 
small fraction of all daily trips in NYC in 2019 (NYC Department of 
Transportation, 2019). We were constrained in our choice of modality as 
at the time of our research, there was limited open-source mobility data 
available that, like FHV data, has both a fine spatiotemporal resolution 
and a longitudinally consistent signal that extends for the entire period 
of the pandemic. Furthermore, FHV data may suffer from an intrinsic 
bias that under-represents populations with older ages, low income, or 
residing in the most deprived neighbourhoods (NYC DOT, 2022). This 
could be a critical bias that translates into an over-estimation of “sta
bility” in more affluent areas and an oversight of more nuanced adaptive 
behaviours of communities in underprivileged neighbourhoods. One of 
our overarching aims is to develop an open-data analytical framework 
that is reproducible and transferable. Therefore, FHV data are only used 
as a proof-of-concept and, to our knowledge, the open-data framework 
could be built using the other available mobility datasets. Future 
research, therefore, should focus on the integration of different mobility 
data sources such as smartphone GPS logs, public transit records or even 
potentially qualitative mobility diaries to reduce this demographic bias 

and produce more holistic mobility insights across all socioeconomic 
levels.

Finally, in regard to the methodological choices made, some issues 
have to be taken into consideration that limit the generality of the 
analysis. First, the taxi zones in the vicinities of large airports and open 
spaces were removed from the analysis due to the lack of residents. This 
is coherent with the aim to measure and assess UVR in relation to so
cioeconomic deprivation. However, these spaces are also highly relevant 
urban structures that shape urban vibrancy, and future work can be 
devoted to understand the role of non-residential centrality (as 
mobility/economic attractors) for the resilience of residential zones in 
their vicinity. Second, although the CI is a sound measure and the GWR 
covariates included in the analysis account for important urban-related 
factors, future work can be improved by including more (and more 
detailed) urban contextual variables for a more comprehensive under
standing of the resilience assessment (Chen & Liu, 2025). Finally, GWR 
is a method suitable for linear associations only, while real urban re
lationships are complex and probably non-linear, and future research 
can apply instead explainable AI or machine learning models (e.g., SHAP 
(SHapley Additive exPlanations)) to evaluate the feature importance of 
urban contexts for UVR.

7. Conclusion

This study systematically assessed socio-spatial disparities in UVR 
across NYC during pre-, peri-, and post-pandemic periods from 2019 to 
2023 using longitudinal FHV data. A reproducible analytical framework 
was developed via indexation, spatial autocorrelation, and GWR 
modelling. Our findings consistently indicate a negative association 
between socioeconomic deprivation and resilience of urban vibrancy, 
both globally and locally, underscoring the need for targeted resilience 
strategies to address neighbourhood disparities. More importantly, this 
developed analytical framework can be readily applied in different 
urban contexts, which offers a flexible and effective toolkit for policy
makers and urban planners to identify UVR disparities and design 
equitable interventions.
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