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Findings

We explore how different socioeconomic groups adapt to the snowstorm
Filomena that occurred in Madrid in 2021. A reverse interpretation of the
resilience triangle is proposed, where smaller triangle areas indicate less resilient
populations continuing to travel despite disruptions, while larger demand losses
indicate greater adaptability. Using Google Popular Times data, the study
measures activity levels in neighborhoods, focusing on essential and non-essential
trips. Vulnerable groups with lower incomes show limited adaptability, resulting
in a smaller reduction in commercial activities compared to affluent
neighborhoods. The study emphasizes the significance of considering demand
adaptability and socioeconomic factors in assessing resilience.

1. Questions

Resilience is in general defined in terms of adaptability of a system and how
quickly the system can recover. A distinction can be made between resilience
to supply disruptions and to demand varjations (Hosseini, Ivanov, and Dolgui
2019; Shekarian and Mellat Parast 2021). For supply disruptions, there are
several studies that propose different indices for calculating resilience and that
are contrasting resilience versus efficiency (Ganin et al. 2017). Resilience
indices draw often on recursive-ness, redundancy, and speed (Cimellaro,
Reinhorn, and Bruneau 2010). Furthermore, a common concept that captures
the recovery period is the “resilience triangle” (e.g. Mudigonda, Ozbay, and
Bartin 2019). The area covered by the triangle defines the loss of functionality
in terms of scale of impact as well as time of impact. The larger the area, the less
resilient the system is considered.

The measurement of “functionality” is, however, difficult and often simplified
to “supply loss” which then leads to problems: If the demand can adapt to a
disruption, then the supply loss will overestimate the impact of the disruption.
In that case, approaches that capture the demand and supply interaction are
required.

Loss of functionality can also occur in case a network is fully operational
(no supply loss) but the mobility pattern is being “disrupted”. The COVID
pandemic is the most prominent example of this as here the transportation
network has been not affected or only in response to it and in order to control
the demand. Other examples are extreme weather conditions (Hong et al.
2021) where possibly the transport network is still operating, or only non-
operational for a short time, but people prefer to not use it.
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We suggest that the larger the potential to adapt behavior, the less the loss
area of a supply-demand resilience triangle appears to capture the disruption
impact. In particular, this seems to be the case if people can avoid or postpone
making a journey. We propose that in this case, in fact, a reverse thinking
is required: The smaller the resilience triangle area the less resilient the
population. That is, a population that is forced to keep travelling has less
possibility to adapt and might be hence called less resilient. Or, vice versa, the
more a population adapts, i.e., the larger the demand loss during the time of the
disrupting event, the more resilient the population is. Our research question is
hence: Can this ability to adapt be observed during a short-term disruption?
As an index of vulnerability, we consider income and ask further: Can we
observe that lower income groups have less adaptability in their travel patterns
compared to richer population groups? Finally, to further test the difference in
ability to adapt we ask: Can we observe differences between essential trips and
non-essential trips? Our hypothesis is that demand adaptation to non-essential
trips is larger.

2. Methods

To answer these questions, we use data during the storm Filomena. Filomena
was an event that occurred in Madrid in January 2021, characterized by a heavy
snowfall that paralyzed the entire city for two weeks.

To measure the level of activities we have used data from Google Places API
and Google Popular Times (GPT) that measure the busyness of “Points of
Interests” (POIs) on a scale from 0 to 100 every hour and have also been used in
other studies to estimate activity engagement (Capponi et al. 2019; Mahajan,
Cantelmo, and Antoniou 2021; Vongvanich, Sun, and Schmdcker 2023). For
example, a restaurant or shop that is “as busy as it gets” obtains a score of 100
and a closed location obtains a zero score.

We collected data from 4277 POIs in Madrid during the Filomena period
which have been classified into six different categories (Dining, Entertainment,
Tourist attractions, Public facilities, Shopping, Other). For this study, we have
specifically selected the POIs from the Shopping category, summing up 2012
POIs. This choice was made because this category allows us to distinguish what
are likely to be essential trips and what are likely less essential trips. We define
essential trips as “Shopping-Basics” and include supermarkets, convenience
stores, etc. (1164 POIs). The remaining shopping facilities, such as, for
example, hair-salons, beauty-salons, clothes stores, book stores or shopping
malls are defined as “Shopping Leisure” (848 POls)

To analyze the impact of the snowfall on commercial activity, the densities of
POIs that were live-streaming on the Google website during the study period
were calculated. These POIs refer to stores where real-time occupancy could
be observed. These densities were further weighted based on the live-streamed
occupancy for the two categories (Fig.1).
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Figure 1. Kernel densities of the number of POI/Ha broadcasting live weighted by the average occupancy of the
“Shopping-basic” category at the top and “Shopping-leisure” at the bottom, for each of the weeks in the 2020-2021
period.

Source: Own elaboration from Google Places - Google Popular Times.

The economic component was obtained by downloading the data
corresponding to the average household income in the neighborhoods of the
municipality of Madrid from the National Institute of Statistics of Spain.
Madrid consists of 131 neighborhoods that offer vibrant and diverse internal
dynamics, enabling residents to engage in social interactions and participate
in cultural, commercial, and social endeavors. We proceeded to classify the
neighborhoods into clusters, taking into account the distance to the center
and the average household income. This classification resulted in five distinct
groups. To note is that Madrid lends itself for our case study because of its
high socio-economic segregation (Leal and Sorando 2017; Musterd et al. 2017)
and the diversity of commercial environments (Carpio-Pinedo 2020; Carpio-
Pinedo et al. 2022; Carpio-Pinedo and Gutiérrez 2020).

Findings


https://findingspress.org/article/88980-activity-reduction-as-resilience-indicator-evidence-with-filomena-data/attachment/183759.png

% change relative to the reference week

-10

-40

Activity Reduction as Resilience Indicator: Evidence with Filomena Data

---- Low Income Shopping Basic
---- Low Income Shopping Leisure
—— High Income Shopping Basic
—— High Income Shopping Leisure

01/04/21 01/11/21 01/18/21 01/25/21 02/01/21 02/08/21

Figure 2. Temporal evolution and its standard error of the activity compared with second week of February for low-
income (LI) and high-income (HI) neighborhoods

3. Findings

We have separated the temporal evolution of neighborhoods with the lowest
(LI) and highest income (HI), using the second week of February as a reference
and examining the change in activity in the Shopping-Leisure and Shopping-
Basic categories (Fig. 2).

The difference in reduction of basic and leisure shopping can be clearly seen.
Further, it can be observed that there are significant differences in the impact
between high-income and low-income neighborhoods. In the week following
the event, high-income neighborhoods experience a decline of 13.29% and
37.09% in shopping basic and shopping leisure activities, respectively, which is
9.84% and 12.32% higher than low-income neighborhoods..

Based on these findings, it can be concluded that more vulnerable groups have,
as hypothesized, less adaptive capacity and are unable to afford to halt their
daily activities in response to such climatic events. Consequently, there is a
lower reduction in commercial activities in these neighborhoods, in contrast to
high-income neighborhoods where individuals have the option to stay at home
and wait for the storm to pass. We hence suggest that the “reverse interpretation
of the resilience triangle” can be indeed considered as an index to define

demand adaptability. Further studies should develop this approach.

Findings
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