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Abstract
Every day an abundance of movement data is generated by GPS-enabled smartphones. Big datasets
containing detailed coordinates and timestamps are widely available from location intelligence
companies, providing an alternative to survey-based GPS data, call detail records (CDRs) and travel
surveys commonly analysed in mobility studies. This research quantifies the extent of mobility changes
during COVID-19 lockdowns in Auckland, New Zealand using big data. Comparisons were made
between baseline mobility and four weeks of COVID-19 alert level system restrictions between March
and May 2020. Millions of rows of geolocated mobile phone location data from over 20,000 phones
were cleaned and processed into common night-time location and significant stop locations (such as
places of employment or recreation). The distance, spatial extent/coverage, and the number of locations
were calculated using mobility metrics, including total and maximum distance travelled, the radius of
gyration, and minimum convex polygon. The results were aggregated from individuals to
neighbourhood scale for privacy protection and reported in median per neighbourhood. Overall, the
number of significant locations dropped by over 70% during alert level four lockdown compared to
before lockdown (and over 50% reduction in alert level three) in line with the closure of non-essential
businesses and education facilities. As more people started working from home, the total weekly
distance travelled and spread of stops reduced by approximately 90%. The Index of Multiple
Deprivation (2018) was used to explore variations between different areas of socio-economic
deprivation and tested for statistical significance. During baseline (pre lockdown) conditions, phones
from less deprived areas travelled further distances and to more spatially dispersed locations. However,
this reversed during lockdown, with phones from more deprived area demonstrating greater mobility,
exemplifying the privilege and ability to remain at home during lockdown was not equally distributed
among some deprivation groups and geographic areas.

Key words
Human mobility, COVID-19, Lockdown, Big data, Mobile phone location services, DBSCAN,
mobility metrics, Index of Multiple Deprivation (IMD).
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Chapter 1 : Introduction
1.0

Background

The COVID-19 pandemic has caused widespread disruption to mobility globally, with restrictions
placed upon personal movement and service provision. Since March 2020, New Zealanders have lived
through multiple government-mandated lockdowns to reduce disease transmission (Unite Against
COVID, 2021b). New Zealand’s lockdowns were some of the strictest in the world (Hale et al., 2021),
including regional travel bans for non-essential movement (with enforced checkpoints), closure of
schools and workplaces, and limits on face-to-face interaction for many months (Unite Against
COVID, 2020b). To quantify how much human mobility changed in response to non-pharmaceutical
intervention and government policy, this research compared movement during different COVID-19
alert levels (outline in Appendix 2) seeking to identify changes to movement in Auckland during
lockdowns. To do so, mobile phone location data bought from UberMedia was cleaned, processed, and
analysed using spatial clustering and mobility metrics methods found in prior literature. The results
build an understanding of how Aucklanders responded to the implementation of lockdowns, and
whether the impacts of movement restrictions were experienced equally through different socioeconomic deprivation areas, which is essential for long-term social and economic recovery.

Exciting new 'big data' sources including mobile phone location data are gaining prevalence in human
mobility research. These are large datasets coming from millions of phones and contain geolocated
data points throughout the day (and night) as individuals go about daily activities. Phone users provide
location permissions to social media, music streaming, fitness tracking, and other more ordinary phone
applications which then record and sell location data (UberMedia., 2019). The ease of access to big
datasets has increased drastically during the COVID-19 pandemic, with a range of location analytics
companies such as UberMedia (Near), Safegraph, Narrative, and Quadrant making datasets available
to researchers (Mobile Marketing Association., 2015). The coverage and completeness of mobile
phone temporal and spatial data varies, with smartphones providing a mix of near-continuous GPSenabled data and less frequent data from users with stricter privacy control settings or limited use of
data collecting applications (Chen et al., 2016). The large size and varied temporal and spatial
resolutions pose challenges for researchers to analyse large datasets while preserving privacy.
1.1

COVID-19

Briefly, COVID-19 is a highly transmissible respiratory virus leading to coughing, fevers, sore throat,
and shortness of breath which can be spread through the transfer of airborne infectious particles
(Ministry of Health, 2021). This thesis focuses on the first COVID-19 wave in New Zealand during
10

early 2020. At the time of submission (February 2022), the Omicron variant dominates, with thousands
of new cases and deaths daily overwhelming the public health system (New Zealand Doctor Rata
Aotearoa, 2022). The first reports of COVID-19 appeared internationally in January 2020, with the
first case appearing in New Zealand on the 28th of February 2020 (Jefferies et al., 2020; McGuinness
Institute, 2022; Unite Against COVID, 2021b). On the 21st of March, a four-tiered COVID-19 Alert
Level System was announced, with the strictest Alert Level Four (AL4) lockdown beginning on 26th
March 2020 (Table 1.1, Appendix 2). This system included regional and nationwide lockdowns,
closing 'non-essential' workplaces and schools, preventing gatherings such as weddings, funerals, and
church services, and limiting road and air travel to essential movement only (Table 1.1, Unite Against
COVID, 2021a). This thesis also investigated the week prior to AL4 (Pre AL4), where gathering limits
and business closured began to in occur in AL2 and AL3, (where non-essential shops opened for click
and collect services only and working from home was encouraged) (Unite Against COVID, 2021b).

Figure 1.1 COVID-19 Alert Levels: March - May 2020. The alert level framework (Appendix 2) was
introduced on 21st March in response to new community transmission (Unite Against COVID., 2020).
This colour scheme appeared in official COVID-19 messaging and is used throughout this thesis.
Between March and May 2020, 1487 COVID-19 cases were reported (Stats NZ, 2022b). AL4
lockdown stabilized, then reduced new daily infection rates within two weeks as chains of transmission
were broken (Jefferies et al., 2020). Midway through 2020, New Zealand eliminated community
transmission for more than 100 days, however, community transmission continues, with subsequent
lockdowns in 2021 and 2022 (Baker et al., 2020b; Jefferies et al., 2020; Summers et al., 2020)

11

Table 1.1 Overview of New Zealand Alert Levels. For further explanation of response measures see
Appendix 2. This framework was used from the 21st March 2020 until 2nd of December 2021, when it
was superseded by the Protection Framework (Traffic Lights) (Appendix 3; Unite Against COVID.,
2020) (Table from Lawson et al., 2021)
Level

Risk assessment

AL4
- Eliminate

“Sustained and intensive All gatherings are cancelled. Facilities such as gyms,
community transmission. libraries, food courts, educational facilities and nonWidespread Outbreaks.” essential businesses must close.

AL3
- Restrict

“Multiple cases of
community transmission.
Multiple active clusters
in multiple regions”.

Education facilities can reopen with limited capacity. Nonessential businesses may reopen for online orders and click
and collect only. Inter-regional travel remains restricted

AL2
- Reduce

“Limited community
transmission. Clusters in
more than 1 region.”

Limitations on event and gathering capacity (<100
people), social distancing, masks are compulsory in public
spaces. Schools and businesses may reopen with
compulsory contract tracing posters/records

“COVID-19 is
uncontrolled overseas.
Sporadic imported
cases. Isolated local
transmission.”

No restrictions on personal movement or gathering.
Compulsory face coverings on public transport. At all
levels travellers into New Zealand must undertake 14 days
isolation in a managed isolation facility.

AL1
- Prepare

Example range of response measures

Figure 1.2 Number of new reported cases per day during March – May 2020 (AL2, AL3, AL4). Data
retrieved from Stats NZ Data Portal (2022). Some values are absent, or negative, due to adjustment by
Ministry of Health.
Asian, Māori, and Pacific people were disproportionately impacted by community-acquired cases of
COVID-19 during 2020 outbreaks (Jefferies et al. 2020). This is problematic as Māori and Pacific
12

people have a higher risk of severe outcomes (hospitalisations and mortality) based on previous
pandemics (Jefferies et al., 2020; Steyn et al., 2020; Steyn et al, 2021; Wiki et al., 2021). During AL4
and AL3 lockdown (March to May 2020), the highest incidence of cases were reported in Southland
(South Island), Waikato (Central North Island), and Waitematā (within Auckland) district health
boards (DHB) (Jefferies et al., 2020; Unite Against Covid, 2022b) (Figure 1.3).This distribution is
related to large cluster ‘super-spreading’ events, including a wedding, a high school, and bars in these
regions, accounting for most of New Zealand’s total community-acquired cases at the time (Cumming,
2021; Ministry of Health, 2020 Summers et al., 2020).

Figure 1.3 Percentage of new COVID-19 cases normalised by DHB population during March to May
2020. Bars in blue are located within the Auckland study site. Data from Ministry of Health (2022)
and Te Pou (2021)
Internationally researchers found socioeconomic factors influence individuals’ ability to adhere to
lockdowns and work at home, putting them at greater risk of contracting COVID-19 (Sy et al., 2020;
Wolfe et al., 2021). Huang et al. (2021b, 2021c), found a positive correlation between time spent at
home and economic status using a mobile phone location dataset for a local census unit area scale.
Further illustrations by Huang et al. (2021b, 2020c) on an intercounty scale suggest wealthier
socioeconomic areas had reduced mobility in lockdowns, likely due to the financial ability to remain
at home. Contrastingly elevated levels of mobility were visible in lower socioeconomic areas. In New
Zealand, the government provided financial assistance to employers and employees, creating a ‘wage
subsidy system’ for closed non-essential services and shops (Unite Against COVID., 2021b).
However, media reports often illuminate the demographic imbalance of the essential workforce (such
as supermarket staff and airport workers) who were unable to work from home (Prickett et al., 2020;
Smith, 2021; Tokalau, 2021). The spatial dispersion and demographics of the essential workforce may
disproportionally include Māori and Pacific people, and specific geographic locations such as South
Auckland, where a higher concentration of industrial/commercial essential businesses are based
(MBIE 2020; MBIE, 2021; Parker et al., 2021).
13

1.2

Objectives
➔ To develop a framework for good research design using big mobile phone location services
mobility data.
➔ To determine the extent to which population mobility changed during the lockdowns in 2020.
➔ To investigate the spatial/socio-demographic variations in these patterns.

1.3

Ethics

This research is approved by the University of Auckland Human Participants Ethics Committee on
04/05/2021 for a period of three years. Reference Number: UAHPEC22391 (Appendix 1). This thesis
analyses a large dataset of de-identified episodic GPS-enabled smartphone locations. UberMedia, the
data provider, use jittering and obfuscation methods (which adds background noise/ offsets data points)
for privacy protection before datasets are released to researchers. UberMedia state,
"For clarity, ... we do not collect information that directly identifies a natural person, including
the following information, among other information: names, email addresses, cell phone or
home phone numbers, login passwords, social security, drivers’ licenses. We also do not collect
financial or other sensitive information" (UberMedia, 2021).
Consistent with ethical approval requirements, no individuals were re-identified in this thesis, with all
results and visualisations displayed as aggregate collective mobility using data zones to represent
neighbourhoods (Exeter et al., 2018; Zhao & Exeter, 2016). The data are assumed to be from
consenting adults with UberMedia stating
"The Products includes un-monitored content posted by users and sourced from other third
parties. We do not knowingly collect or distribute information from or about children under 13
(or up to age 16 in certain countries)." (UberMedia, 2021).
UberMedia retrieves the data from social media applications and advertising, where users must accept
and consent to the application's terms and conditions, with the option to opt-out of location tracking.
1.4

Significance of study

More than two years after the first COVID-19 cases were reported, disruptions to movement, deaths
and new infections are ongoing. New Zealand remains at a heightened state of restrictions in the new
red traffic light setting (Appendix 3) at the time of submission (February 2022), with border controls
and gathering limits in place (Unite Against COVID., 2021b). This case study confirms anecdotal
reports of unequal experiences (particularly for neighbourhoods with higher levels of deprivation)
during the first 2020 lockdown, illuminating the socio-economic divide in Auckland. This divide is
likely to continue unless government interventions address underlying socio-economic inequalities,
which is impossible without first finding impacted areas/groups. Furthermore, this thesis provides a
14

case study to compare against international findings, quantifying changes in movement in response to
strict government restrictions, against less strict elsewhere. Finally, there is limited mobile phone
location research published in New Zealand. This thesis exemplifies the potential use of mobile phone
data within GIScience, mobility, and hazardous event research, showing potential methods for
measuring change following an intervention (changing alert levels) and explaining the challenges and
limitations during the application process.
1.5

Thesis Structure

This thesis contains six chapters. Chapter 1 introduces this research, including the objectives and
significance. In Chapter 2, a range of literature is reviewed providing a theoretical background for the
selected data type, and methodology used. In Chapter 3, the chosen study site (Auckland, New
Zealand), data collection, cleaning and analysis methods are explained. Then Chapter 4 presents the
results. Chapter 5 discusses the key findings, answers the research objectives, and identifies
limitations and opportunities for further research. Finally concluding comments are presented in
Chapter 6.
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Chapter 2 : Literature review
This chapter defines human mobility, identifying factors driving changes in mobility. It reviews
common data collection and analysis methods exploring traditional human mobility data sets like travel
surveys, and interviews, and emerging ‘big’ data sets such as social media, cellular call records, and
mobile phone location services, and limitations. Then mobility metrics are introduced as theoretical
background for the methods utilised in this research. This review maximises the abundance of recent
literature on mobility in COVID-19 times, with a range of methods used globally.
2.1

What is human mobility

Human mobility is the movement of people, goods, and services, and is usually predictable, with
routines in the places we visit, the people we interact with, and the how we travel. There are two
commonly used approaches to study the movement of phenomena, lagrangian and eulerian,
originating from animal mobility studies (Nathan et al., 2008; Demšar et al., 2021). Lagrangian
approaches focus on the movement of individuals seeking to identify trajectories, often using sensorbased datasets, such as GPS-enabled trackers (Demšar et al., 2021; Miller et al., 2019). By contrast,
eulerian-based research investigates collective mobility patterns, movement flows and aggregate
mobility through different times and places, using large anonymous datasets such as cellular call
records, Bluetooth and public transport transit feeds (Schneider et al., 2013). Human mobility research
presents several ethical challenges, balancing the collection and usage of high-resolution movement
data, particularly with the increasing availability of potentially invasive and re-identifiable datasets
from new data collection methods, while protecting individuals’ data privacy (Montjoye et al., 2013;
Stanley et al., 2018). Frequently within lagrangian approaches, data is sourced from life loggers
(portable GPS units), GPS smartphone applications, and travel surveys, with participants knowingly
consenting and providing geolocated data (Demšar et al., 2021; Sila-Nowicka et al., 2016). The
implications of this however are the ethical limitations of collecting, sharing, and publishing
demographic data such as age, gender and ethnicity to protect participants privacy, resulting in absent
or incomplete datasets (Hasan et al., 2012; Lenormand et al., 2015). The collective eulerian approaches
try to mitigate some ethical issues, by not showing individual trajectories, instead using large
anonymous datasets such as cellular call records or public transport transit feeds, which may have
associated demographic information, but at a lower spatial resolution. Collective approaches may
consider how different socio-economic and cultural factors including urban design and resource
distribution, transportation planning and public transportation accessibility, population demographics,
and even meteorological conditions can change patterns (Demšar et al., 2021). Within transport
mobilities, Radio Frequency Identification tagged data (RFID) are often used to capture collective
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transits over public transport routes and networks, using smart card data to create flow matrix over
different modalities and for analysis of flows (origin destination O-D flows) (Guo et al., 2019).
Researchers across many disciplines study different aspects of movement. Most recently, Demšar et
al. (2021) have suggested a collective and integrated approach is needed to unify methods, definitions,
and concepts. Nevertheless, there are overarching interdisciplinary theories like distance decay effect,
and Tobler’s first law of geography which state that things that are closer to each other are more similar,
and relationships between these things decreases with distance (Miller. 2004). Spatial interaction
models such as gravity and radiation models display power-law distribution, where the change in one
variable results in a proportional change in another while the exploration and preferential return (EPR)
model presents that individuals are more likely to return to a small number of previously visited
locations (McCulloch et al., 2021; Pappalardo et al., 2016). Schläpfer et al. (2021) describe universal
visitation scaling law stating, "the number of visitors to any location decreases as the inverse square
of the product of their visiting frequency and travel distance". This law addresses inadequacies of
commonly used gravity laws and radiation models, which fail to assess the impacts of repeated visits,
may misinterpret movement in some geographic settings and have limited transferability (McCulloch
et al., 2021; Schläpfer et al., 2021; Wesolowski et al., 2015). Simple gravity models struggle to predict
mobility in lower socio-economic and rural areas (McCulloch et al., 2021). Research into the accuracy
of gravity and radiation spatial interaction models completed in Sub-Saharan Africa exemplifies this
issue, with both models overestimating mobility in rural areas (Wesolowski et al., 2015). Meanwhile,
replication of the universal visitation scaling law for a range of geographic locations, like USA,
Portugal, Singapore, Senegal, and the Ivory Coast, using mobile phone datasets proved the
transferability and usefulness of universal visitation scaling law (Schläpfer et al., 2021).

Mobility research can be deconstructed into five fundamental questions posed by Nathan (2008). First
the 'why?', defining trip purposes, and motivations, including significant places for recreation,
employment, and education (Chen et al., 2016). 'How?' investigating modalities including cycling,
walking, and driving, and the routes selected by users to reach their destination. The 'where?' and
'when?' providing spatial and temporal context (Dodge, 2021). Additionally, the ‘'who’?' finding
variation between different demographic and population groups is evident in human studies (Kraemer
et al., 2020). A deeper understanding of movement and the factors acting upon our decisions is built
by answering these questions which is necessary to build a picture of the context capturing the
decisions and potential circumstances impacting mobility.
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Many factors influence temporal and spatial movement patterns and sequences of travel between
homes, works, education and destinations for recreation (Austin et al., 2014; Barbosa et al., 2017, Qin
et al., 2012). This can include individual factors such as age, gender, working status, level of education,
and disability, along with environmental factors including the day of the week, topography, levels of
crime, weather conditions and seasonality (Gonzalez et al., 2008; Lenormand et al., 2015; Song et al.,
2010). Within the context of the COVID-19 pandemic, changing motivations for movement include
government enforced business closures, leading to a reduction in commuter transit, and increases in
working from home, impacting the normal weekday/weekend and rush hour commuting practices (Gao
et al., 2020b; Kramer and Kramer., 2020). In many countries, increasing unemployment, and limited
government financial aid, means there is reduction in the shopping and recreational activities (Martin
et al., 2020). In NZ, level 4 lockdown rules meant that workplace and recreational activities were
significantly reduced, and while initiatives such as the Government’s Wage subsidy scheme paid to
employers played an important role in reducing unemployment levels, a reduction in GDP during Alert
Level 4 lockdown of 37% was still estimated by the Reserve Bank (Stannard et al., 2020). In line with
changing employment patterns, an unequal distribution of essential workers (healthcare, supermarket,
etc) who had to continue working, is often evident in lower socio-economic areas (Long and Ren.,
2022).

While exercise is an acceptable reason for moving outside of the home within New Zealand lockdown
conditions (Appendix 2), internationally, restrictions on movement varied based on country’s
definition of ‘essential’ movement (Hale et al., 2021; Kar et al., 2021). Movement restrictions
combined with social and emotional consequences of a pandemic, including increased stress, anxiety,
depression, and fear of contracting the virus influenced decisions to visit places of recreation, large
gatherings, and complete non-essential trips (Bao et al., 2020; Officer et al., 2022; Savage et al., 2020).
Changes to the types of movement were occurring with reports of increases in active transit, including
walking and cycling, with reduction in private and public transport (Christie., 2020; Waka Kotahi.,
2020). This may relate to the fear of contagion, but also the implications of reduced network load,
leading to scheduling changes, and requirement for social distancing impacting carrying capacity
(Brooks et al., 2021; Zafri et al., 2021). Furthermore, a reduction in road-based transport may increase
the perceived safety of active transport, with more space, and less competition for resources between
cars, cyclists, and pedestrians, alongside government urban planning interventions such as pop-up
cycleways, and temporary extensions to footpaths (Kraus and Koch., 2021; Laverty et al., 2020).
2.1.2

Significant places

Inferring meaning to movement and stops is a key element of understanding the spatial-temporal
context of changes in mobility. Often researchers classify the types of modalities and patterns of
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movement, seeking to find where and how movement is occurring, the flow of goods, people, and
services (Demšar et al., 2021). However, this fails to address the 'why' aspect of mobility and the
importance of destinations at the beginning and end of trips. Semantic enrichment and classification
of 'significant places' including locations where individuals have repeated and extended visit durations
such as homes, workplaces, and educational facilities is increasingly common (Lenormand et al., 2020.
Moro et al., 2019; Yuan et al., 2012). Researchers often question how mobility patterns differ between
different social, economic, and demographic groups and environments (Chen & Poorthuis, 2021).

Regardless of the method selected for identifying stops, it is important to semantically enrich the stop
locations, identifying the potential type of significant places. One important step is the distinction
between home and work (Parent et al., 2013; Sila-Nowicka et al., 2016). This is often based on
temporal patterns, particularly the presence and frequency of visits during the day versus night-time
(Yin & Leurent, 2021). Understandably, most often home locations show a high frequency of visits,
with repeated and extended visit durations during the night while individuals are presumed to be at
home (Luo et al., 2017; Xu et al., 2015). Whereas places of employment and education show weekday
patterns, between morning and early evening (nine am until five pm) aligning with common work shift
patterns (Schneider et al., 2013). Often employment/education locations appear as the most frequented
destination away from home, however this neglects individuals who work from home, the homeless,
unemployed, and elderly populations among others whose patterns may not conform to these
assumptions. Further potential limitations include the challenges in classifying individuals with less
predictable patterns, such as night-shift workers, or individuals whose work is not a fixed location,
such as drivers (Song et al., 2010). Therefore, literature recommends comparing locations over
multiple weeks to see extended patterns (such as Long & Ren., 2022; Stanley et al., 2018; Zhao et al.,
2021). Nevertheless, labelling home and employment/education as first and second locations is less
complex than other places of interest.

Daily routines are not limited to movement between homes and employment/education, with various
other places visited to meet individuals' physical, spiritual, and emotional need (Sila-Nowicka et al.,
2016). Oldenburg (1997) coined the term "third places" to classify other places of significance for
socialisation and recreation, like libraries, retail shops, parks, and public transport (O'Hare, 2019).
Within GIS literature, often extracted stop locations are intersected and compared with points of
interest datasets for labelling (Andrienko et al., 2011; Gong et al., 2015). These datasets have features
such as supermarkets, parking lots, schools, kindergartens, churches, parks, and tourist attractions,
customised based on case study requirements (Bhattacharya et al., 2012; Parent et al., 2013).
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2.2

COVID-19 and mobility

As COVID-19 affects every aspect of life, a range of topics are covered in literature. Some include the
economic consequences of mobility restrictions, trade disruptions, and employment uncertainty
(Barnett-Howell et al., 2020; Borkowski et al., 2021; Chowkwanyun & Reed, 2020). Public health
investigations include the spread of disease, airborne transmission mechanisms, consequences for
human health after infection, and health inequality (Bambra et al., 2020; Harrison et al., 2020). Further
research debates policy decisions and their impacts on levels of citizen compliance to lockdown (For
examples see Kaine et al., 2021; Sarracino et al., 2021). Finally, studies investigating individual and
population behavioural responses, such as the emergence of panic buying, increasing stress, and
changes to emotional wellbeing are common (Gasteiger et al., 2021; Hall et al., 2021, Officer et al.,
2022).

Very briefly, COVID-19 transmits via aerosols during physical contact with infected cases and to a
lesser extent surfaces they have touched (Harrison et al., 2020). Within the first three months of
community transmission in New Zealand, 1504 cases were reported, with a fatality rate of 1.46%, a
total of twenty-two people (Hendy et al., 2021). Hendy et al. and Nishiura et al. (2020) suggest the
highest levels of transmission occur between individuals/groups in closed spaces, like houses, big
gatherings like weddings and schools, and between close contacts such as family members and friends.
The most effective means of reducing transmission rates within populations are prompt and robust
implementation of movement restrictions, like lockdowns (Baker et al., 2021; Hendy et al., 2021;
Jefferies et al., 2020). This claim is supported by reductions in reproduction number, “Reff”, the number
of people infected per confirmed case, from 1.8 to 0.35 after lockdown interventions in AL4, 2020
(Binny et al., 2020). There is a five-to-twelve-day time delay between becoming infected and
displaying symptoms with lockdowns breaking chains of transmission (Hendy et al., 2021)
2.2.1

Lockdowns

The term 'lockdown' will be used throughout this thesis. According to the Collins dictionary
(HarperCollins, n.d) a lockdown is "the imposition of stringent restrictions on travel, social interaction,
and access to public spaces" (BBC News, 2020). Lockdown restrictions and temporal and spatial
extents vary between countries such as postcodes and local neighbourhoods in Sydney, Australia
(Smith & Carroll., 2021), city and regional boundaries in Italy and Spain, and country-wide restrictions
experienced in China and New Zealand (Hendy et al., 2020; Sanchez-Caballero et al., 2020). In some
cases, such as Auckland, police forces established roadblocks, requiring permission and a valid
explanation to cross the boundary (Ministry of Health, 2021b). However, the strictness of border
restrictions differs between countries and regions, with trust-based methods and financial penalties,
leading to mixed results (Hale et al., 2021). Work completed as part of Oxford University's COVID20

19 Government response tracker built a comparison stringency index comparing the strictness of
government policy measures from 180 countries (Hale et al., 2021). This index takes multiple
indicators such as closures of workplaces/ schools, cancelation of events, closure of public transport,
and international travel bans resulting in a scaled value from 0-100 (Hale et al., 2021; Ritchies et al.,
2021). Over time the stringency index value changes in response to real-time policy changes as evident
in Figure 2.1. which visualises the intensification of mobility restrictions, compared with 6 other
countries and Figure 2.2, showing fluctuations in alert level status over 2020 and 2021. During AL4
and AL3 lockdown restrictions, New Zealand ranks amongst the strictest countries globally however
once levels of COVID-19 transmission in the community dropped, during AL1 and AL2, New Zealand
had some of the least restrictive conditions, with only limited international travel and compulsory mask
usage on public transportation (Ministry of Health, 2021; Unite Against COVID, 2021).

Figure 2.1 Comparison of Oxford University's1 COVID-19 stringency index results for 7 countries
(New Zealand, Poland, United Kingdom, Germany, Australia and China) during March - May 2020.
New Zealand shows a rapid increase following the announcement of AL4 in March, before dropping
strictness in April AL3, and May AL2 while other countries remain high.

1

Interactive graphics available from OurWorldinData (2021) https://ourworldindata.org/covid-mobility-trends
under (CC By 4.0) and datasets available from OxCGRT (2021) https://github.com/OxCGRT/covid-policytracker/tree/master/data
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Figure 2.2 New Zealand only Stringency Index Results. The first peak shows New Zealand’s 1st set of
lockdowns during March-May 2020. Subsequently further lockdowns occurred in August 2020 (AL3),
February 2021 (AL3) and August 2021 (AL4) and are outside of the scope of this thesis. Image from
OurWorldinData (2021)1
Further literature comparing countries' responses to COVID-19 is arising. For example, Mackenzie
and Adams (2020) contrast New Zealand and a range of countries, finding a fast and robust community
response and high levels of citizen compliance, with 'no lag' between policy announcement and
behaviour change. They suggest New Zealand's strict response differs from overseas counterparts,
which played a part in reducing disease spread rates. Kishore et al. (2021) also link rapid
implementation of restrictions with reduced disease transmission and exportation of cases out of
hotspot areas. Kishore et al. also observed a surge in mobility from urban areas under lockdown
restriction, into less restrictive rural areas in Bangladesh, before the enforcement of lockdowns and
actual implementation of border restrictions (Kishore et al., 2021). Self-evacuation, panic-buying and
individuals escaping lockdown areas were evident in changing population sizes in international studies
immediately after lockdown announcements, compared with normal conditions (Gao et al., 2020a;
Xiong et al., 2020; Zhang & Zhou., 2021; Zhou et al., 2020).
2.2.2

Social and economic impacts

COVID-19 is a health crisis but has also led to many socio-economic consequences because of
lockdowns (Bentall et al., 2021; Fang et al., 2021; Bryson et al., 2021). Research both internationally
and within New Zealand have found the impacts are not equally distributed between populations, with
lower socio-economic status groups, and some demographics particularly minorities and indigenous
groups, disabled and elderly populations most at risk (Anderson et al., 2020; Bonaccorsi et al., 2020;
Campbell et al., 2021; Houkamau et al., 2021; Hu & Chen., 2021; Marmot & Allen., 2020; McCartney
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et al., 2021). Some challenges include psychological impacts resulting from isolation, like increased
loneliness, stress, anxiety, disruption to social networks, job uncertainty and unemployment from
business closures leading to financial strain (Officer et al., 2022; Prickett et al., 2020; Usher et al.,
2020). Further, unsuitable living conditions, become more challenging when government stay-at-home
measures are in place (Chu et al., 2020). Some groups may face difficulties working from home,
limited access to technology and Wi-Fi, or due to family circumstances such as caring for
children/vulnerable individuals (Bryson et al., 2021; MBIE., 2020; Parker et al., 2021). Furthermore,
some professions are unable to transition into working from home, halting activity and trading (Baker,
2020 MBIE, 2020, 2021). Challenges in accessing medical treatment, and facilities such as
supermarkets can vary between geographic regions, with rural and lower-socio-economic groups
facing increased distance, or barriers potentially leading to food insecurity (Chu et al., 2020). Finally,
reductions in public transport service frequency and capacity can amplify inequalities between groups
who may not have the resources to travel (Kar et al., 2021).
2.2.3

Panic buying

Images of bare supermarket shelves, and long queues were prominent in media reports, building a
narrative of panic buying (Chen, 2020). Supermarkets refuted claims of widespread stock shortages
reassuring communities’ food would remain available if we maintained normal shopping behaviours
rather than stockpiling resources (McBeth, 2020). Still, mass hysteria, and the psychological response
to prepare meant significant increases in spending behaviours and trips to supermarkets occurred
globally (Sim et al., 2020; Wang et al., 2020; Zhang & Zhou., 2021). In Christchurch, New Zealand,
a sharp increase in total spending was obvious in transactional data between the announcement of Alert
Level 4 lockdown, and its enforcement ~48 hours later (Hall et al., 2021). Globally, Arafat et al. (2020)
analysed social media reports, finding evidence of panic buying in ninety-three countries. Many
potential motivating factors including a fear of scarcity of resources (Wang & Hao., 2020), rumours
and anxiety (Sim et al., 2020; Zhang & Zhou., 2021), lack of trust, with both the supply chain and
governments (Bentall et al., 2020), and in preparations for perceived price increases (Arafat, 2020) are
proposed. These factors can also affect individuals' decisions to mobilise or remain at home.
2.3

Human mobility data

Over decades different data sources have been used to study mobility. This subsection looks at a
selection of data collection methodologies that are potentially applicable for COVID-19 related
research and discusses the uses, opportunities and limitations of each.
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2.3.1

Surveys/Questionnaires.

Common ways to collect mobility data cover surveys, diaries, and questionnaires where participants
are asked to describe their daily movements or respond to qualitative and quantitative questions
examining travel preferences (Demšar et al., 2021). Within COVID-19, many topics are examined
including barriers for public transport patronage, changing routines, commuting, and shopping patterns
(Pišot et al., 2020; Shamshiripour et al., 2020) trip modalities and increasing working from home (Beck
& Hensher, 2020; Parker et al., 2021). Surveys and questionnaires are customizable and can target
specific populations in specific locations. Using travel diaries and prompt recalls can add a high level
of detail and verify the accuracy of lifelogging and GPS tracking data (Barbosa et al., 2017; SilaNowicka et al., 2016). However, there are several limitations. Firstly, when using surveys, to obtain
accurate and thorough data is it beneficial to complete the collection at the time of the event, rather
than relying on participants' recollections later (Prelipcean et al., 2018). Timing is particularly
important within hazardous and stress driven events such as COVID-19, with increased emotional and
physical stress impacting participants. During contact tracing for example, individuals may struggle to
recall locations of interests and daily movement outside of their everyday routines like short journeys
and incidental stops (Bricka & Bhat., 2006.; Garry et al., 2020.; Nguyen et al., 2017). While this may
be accidental, with trips often forgotten, some participants may be deliberately excluding trips or
destinations they perceive as sensitive or potentially illegal as a form of social desirability bias,
conforming and reporting only socially acceptable behaviours (Sammer et al, 2018).

Survey design can also produce other biases (Erhardt & Rizzo, 2018). They may include experimenter
bias occurring from researchers presenting leading questions, intentionally crafting the questions to
provoke a specific response. Additionally, where the characteristics of the participants do not match
the target population, selection bias can occur (Field, 2020). While COVID-19 provides an opportunity
to expand digital data collection through online and telephone surveys, the increasing use of digital
surveys may impact the sample demographics and representativeness (Field, 2020). The
representativeness of sample sizes is a common challenge with Bricka and Bhat (2006) suggesting that
younger populations are most likely to respond to internet-based surveys. Contrastingly these online
surveys, may reflect the digital divide disregarding people unfamiliar with online platforms such as
elderly populations or people without internet access (Campbell, 2021; Patel et al., 2020). Methods
such as paper-based questionnaires may reduce technological challenges. However, in COVID-19, this
is unsuitable with limited accessibility to printing and delays in postal services. Furthermore, there are
negative environmental impacts of printing and significant economic costs (Ebert et al., 2018). To test
the representativeness of samples and find potential biases, it is worthwhile to collect demographic
data such as age, ethnicity, working, and income status (Zhang et al., 2020). Finally, the loss of interest
and survey fatigue has been increasingly reported. Reasons include the high frequency and time24

consuming nature of requests, and overexploitation (Field, 2020; Patel et al., 2020). The consequences
of this fatigue may include incomplete data when participants withdraw mid-way through and low
response rates (Patel et al., 2020).
2.3.2

Handheld devices

For more than 20 years, GPS devices worn by volunteers when undertaking daily activities have
tracked movement of small sample groups of population (Sila-Nowicka & Thakuriah, 2019). Time
intervals for these data collections is commonly set to 1-30 seconds, automatically recording, and
storing individuals' location (Sila-Nowicka et al., 2016). However, these handheld GPS devices can be
expensive, have limited storage and battery capacity, and create limitations on sample sizes and
duration (Barnett & Onnela., 2016). In practice, the reliance on volunteers to charge and remember to
consistently carry devices leads to data quality issues with the limited temporal and response rates not
reflecting broader population patterns (Paz-Soldan et al., 2014). The increasing availability of multisensor-enabled mobile phone (GPS, Wi-Fi, Bluetooth) devices is overcoming these limitations.
(Stange et al., 2011).
2.3.3

Bluetooth and Wi-fi

Data generated by using personal devices as sensors is increasing. Wi-fi and Bluetooth are components
of daily life, connecting phones and GPS-enabled devices. Bluetooth also allows connectivity to
wireless headphones, keyboards, and mouses, along with transferring data like photos between devices
wirelessly communicating information over short distances to a range of around ten metres (BjerreNielsen et al., 2019; Zhou et al., 2018). Collecting Bluetooth records relies on a series of beacons and
sensors located in the study site detecting devices' Bluetooth signals as they come within range
(Mueller et al., 2015). Signal strength limits the spatial extent of the study site to within a short distance
of the sensors. Recently awareness of Bluetooth has increased in response to government
implementation of COVID-19 track and track applications globally (Elarde et al., 2021: Tonetto et al.,
2020). These apps create a record when phones are within range of each other, storing data locally on
a user's device, which can be used for epidemiological surveillance (Nanni et al., 2021).

Similarly, Wi-fi data requires a connection to Wi-fi access points at fixed locations throughout the
study site. Each time a device connects or is within range of an access point, the device's details, the
duration, and strength of connection are recorded (Traunmueller et al., 2018; Xie, 2021). Both
Bluetooth and Wi-fi datasets could be applied to analyse indoor movement patterns, like through office
buildings (Stange et al., 2011). Occasionally this data type is used during analysis of sporting and
social gatherings outside, requiring access to many sensors and Wi-fi access points, but the scalability
of Bluetooth and Wi-fi to explore population movements on a city level is poor (Traunmueller et al.,
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2018; Trivedi et al., 2021; Zhou et al., 2018). Issues such as limited Bluetooth range cover, individuals
disabling Bluetooth functionality, and interference with surrounding objects pose challenges (Stange
et al., 2011; Zhou et al., 2018). The quality of Wi-fi data varies significantly depending on the number
of access points, density, and spread within an area. Within dense urban areas such as New York City,
this technology was used to count populations traveling along sidewalks using fifty-four access points
(Traunmueller et al., 2018). The authors acknowledge that the transferability to other regions,
particularly less developed countries, is limited.
2.3.4

Call detail records (CDR)

CDR are alternative user-generated data source passively collected and shared with industry and
research communities by mobile phone operators (Blondel et al., 2015; Wang & Chen., 2018). CDR
records when users send or receive a text message or phone call on the cellular network (RodriguezCarrion et al., 2018; Williams et al., 2015; Zhao et al., 2021). CDR is highly episodic, with a low
spatial resolution requiring filtering and cleaning to remove users with long periods of inactivity.
Interpolation or more data is required to gain meaningful insights into human mobility beyond counting
populations in a local area (Zhao et al., 2021). Instead, insights are obtained from identifying the most
frequently connected antenna location (Calabrese et al., 2013). Cellular antennae are also not uniformly
distributed, with variations between urban and rural localities (Phithakkitnukoon et al., 2012). This
means that the accuracy of location estimates vary within different geographic regions, making it
challenging and potentially inaccurate to compare mobility metrics and measurements of movement
changes between users (Williams et al., 2015). Call balancing is another problem that can arise
whereby a phone call is automatically transferred between cell towers based on network capacity.
Calabrese et al. (2013) report users apparently travelling a number of kilometres in the space of a few
seconds, as their call transferred towers to a stronger or closer station midway through a call. Secondly,
the location of mobile phones can be inferred by triangulating the locations of nearby cell towers and
the signal delay to estimate distance, finding the intersection between them (Chen et al., 2016; Wang
& Chen, 2018). The accuracy of triangulated data varies based on the density of cellular towers, with
Jiang et al. (2013) suggesting precision of three hundred metres compared with hundreds of kilometres
for CDR without triangulation. CDR is generally lower resolution with higher uncertainty than GPS
data (Calabrese et al., 2013).
2.3.5

Mobile phone location services

Another source of human mobility data comes from location-based services. When installing social
media, music, sports, and productivity tools onto a personal device, applications may seek permission
to access location-based services including GPS-enabled location (Mobile Marketing Association,
2015). When users grant permission and enable location services, apps can record and location
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information (UberMedia, 2019). This information can then be on-sold (as outlined in the terms and
conditions of the app), to third parties, such as companies who have bought advertising placement slots
(Ewen, 2019a; UberMedia, 2019). These slots are available on the Bidstream, a real-time bidding
platform that allows advertisers to target audiences, demographics, and geographic locations, gaining
insights into user groups interacting with their advertising and products (Ewen, 2019b).

Additionally, human mobility data are sourced from software development kits (SDK), including
hardware and development tools used to create mobile applications (Gray, 2020). Some apps may only
record GPS location when the application is running, and users are actively engaging with content,
meaning data collection would be sporadic and episodic (Mobile Marketing Association, 2015).
However, some apps are constantly retrieving location information in the background, providing a
near-continuous record of mobility. The level of information provided varies between companies
according to the purchase specifications with the data collector, with key components include a hashed
phone identifier, XY coordinates, and timestamp (Hartnett et al., 2021; UberMedia, 2019). Additional
variables including horizontal accuracy, IP address, app name, and device type (Android/Apple), are
also available for purchase (UberMedia, 2019).

This relatively novel data source provides the opportunity to create aggregated summaries of
population-based movement patterns worldwide (Levin et al., 2021). Location service data have been
used to quantify compliance to and efficacy of government-mandated lockdowns (Gao et al., 2020),
variations in mobility between socio-economic groups (Iio et al., 2021) and how social distancing
influences the transmission of COVID-19 infections (Harnett et al., 2021, Xiong et al., 2020). Levin
et al. (2021) state there no consistent framework for preparing, processing, and displaying this
emerging data type, and Gao et al. (2020) highlight the need to further research changes in mobility at
different geographic scales, to protect privacy.

Aggregation commonly used to address privacy in spatial research, taking individuals' geolocated data
points, which can be highly sensitive, and linking them with spatially aggregated units such as census
areas, statistical administration boundaries, or grid-based overlays (Buckee et al., 2020; Calabrese et
al., 2013; Exeter et al., 2014). Aggregation addresses privacy concerns with visualizing potentially
identifiable locations such as homes and places of employment by reducing the specificity of datapoint
location to a wider geographic region, balancing data usability with privacy levels (Monreale et al.,
2013). Furthermore, the use of collective statistical summaries via mobility metrics and origindestination flows, locating general patterns rather than investigating individuals’ movement derived
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from CDR and GPS based data has been a common practice (Long & Ren, 2022; Oliver et al., 2020;
Santamaria et al., 2020; Zhou et al., 2020).

Purchasing mobile phone location datasets from private location insights companies such as
UberMedia, and Insights is typically expensive and therefore restricts its use in research, however there
are other more practical limitations of these data (Pospíšilová & Novák, 2016). The accuracy of
datasets and representativeness of datasets is also questionable at times, with the presence of stationary
objects (Mobile Marketing Association, 2015). Data anomalies are common and can occur during the
original data collection and pre-processing. One source is the aggregation of phone locations to grids,
moving points slightly as a privacy protection measure, which leads to unnatural patterns in the data
Additionally, GPS accuracy, or companies truncating coordinates decimal place reduces precision (e.g.
from 7 to 5 decimal places) (Ewen, 2019a; Gimbal, 2022; Senanayake et al., 2018). Truncation or
inaccurate GPS’s causes some points within the dataset to be offset from the initially recorded location,
leading to anomalies and less accuracy and precision during attempts to enrich the geolocated
information with the trip purpose (Gimbal, 2022).
2.3.6

Social media

Social media data obtained from Twitter have previously been used as a source of movement data
(Bisanzio et al., 2020; Li et al., 2020; Xu et al., 2015). However, the accuracy and frequency of
geolocation information within texts and images has decreased over time due in part to new privacy
protection laws such as the European General Data Protection Regulation, making it increasingly
difficult to retrieve high-quality location data (Schlosser et al., 2021). More demographic information
can be inferred from users' biographies, names, and interests, allowing researchers to compare
neighbourhood and regional variation and changes within demographic groups (Luo et al., 2016).
These profiles may be inaccurate as users input false or erroneous information. Several studies
investigated reductions in mobility for different socio-economic groups during COVID-19. Some
examples include Huang et al’s. (2021) use of 580 million user-generated tweets to estimate daily
mobility change. Similarly, Xu et al. (2020) created a social mobility index to understand social
distancing from 469 million tweets by measuring individuals’ standard deviation of tweet locations
over a week and aggregating the results. These studies confirm a reduction in aggregated travel during
COVID-19 but found the amount of reduction varied regionally based on USA’s social distancing and
lack of lockdown legislations. However, there are many limitations including lack of
representativeness, and ethical considerations of privacy and consent (Huang et al., 2020; Yang et al.,
2019; Zhou et al., 2018) associate with the use of social media data.
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Social media data has many inherent biases, with overrepresentation of younger populations, who post
and share more, and an under-representation of elderly groups or individuals who are not active on
social media (Beiró et al., 2016; Liao et al., 2019; Morrison et al., 2021; Sila-Nowicka et al., 2016).
Furthermore, some social media sites are geoblocked, where restrictions on accessibility for certain
countries result in missing data in these locations. While this is not evident in New Zealand, such
measures may influence some population groups' choices and social media sites. Twitter estimates that
approximately 1% to 2% of tweets are geotagged with a latitude and longitude derived from a phone's
GPS location (Twitter Developer Platform, 2021). While a higher proportion of tweets includes
identifiable geographic information such as in-text place names, venues, or account home locations,
there is still a significant reduction in dataset size when retrieving only geo-located data (Schlosser et
al., 2021; Sloan & Morgan, 2015). Some researchers have created methods to infer tweet locations
using word extraction and recognition systems, although these methods can be computationally slow
(Qazi et al., 2020). Finally, many social media sites place limitations on what data may be collected.
For example, scraping - an automated data collection process is prohibited on Facebook without
permission (Clark, 2021). Twitter allows scraping for academic research with a free Application
Programming Interface, but there are limits on the number of queries and volume of tweets per month
available without a paid subscription (Twitter Developer Platform, 2021). However other social media
site such as Instagram and Facebook explicitly ban scraping within their terms and conditions (Clark,
2021; Instagram., 2018).

2.3.7

Google and Apple mobility data

Anonymized data aggregated to the country and city scale has been available from Google and Apple
since April 2020 to explore the impact of COVID-19 on population-level mobility (Fitzpatrick &
DeSalvo, 2020). The COVID-19 Community Mobility Reports are a series of weekly reports with
trend graphs and percentage changes of visits to key destinations including recreation, education, and
employment (Google Mobility, 2020). Figure 2.3 provides an excerpt of these data published by
OurWorldinData (2021), covering the time period studied in this thesis. The data were collected from
location history settings enabled by Google account holders, which were used in Google maps and
other free applications and are available for over 130 countries (Sulyok & Walker, 2020). Similarly,
Apple Maps has provided Mobility Trends Reports since January 2020 with daily tables and charts
showing transportation types and the sum of requests for directions in different cities and countries
(Apple Maps, 2021). This data appears in news media reports and alongside COVID-19 case
information to observe disease transmission and social distancing. Specific examples include Sulyok
and Walker (2021) and Cot et al. (2021), who saw a reduction in disease transmission two to five
weeks after restrictions were enacted in America and Europe. Neither Google nor Apple supplies
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demographic information for users, meaning it is not possible to check the sample's representativeness
(Kishore et al., 2020). Furthermore, these reports have limited application for local neighbourhood
scale movement, providing fewer insights into variations between population groups. Finally, it is
impossible to analyse or display movement between different geographic locations.

Figure 2.3. Google COVID-19 Mobility Trends for New Zealand during the first 2020 lockdown. The
Y axis represents percentage change from normal. A drop in visits to shops, and workplaces occurred
in AL4, as more time was spent in residential locations. Once the end of AL4 was announced (with
five days lead in time) trips outside of the home slightly increased and residential reduced. Image
retrieved from Ritchie et al., (2020), OurWorldinData(2021)2
2.3.8

Commuting data

Public Transport patronage data can be used to understand the impact COVID-19 has on commuting
patterns (Chen et al., 2016; Ma et al., 2013). Prepaid smart cards, such as Auckland Transport’s AT
Hop card, allow users to tag onto the bus, train or ferry at the start and tag off at the end of their journey,
providing a record of the start/finish location, modality, and duration of transit (Ma et al., 2013). As
lockdowns restrictions and working at home practices increased, a reduction in public transport usage
was observed both short term during lockdowns, and during the long-term recovery of cities, while
private car and active transport (walking and cycling) usage increased (Christie, 2020; de Haas et al.,
2020; Eisenmann et al., 2021). In Auckland, rebound to using public transport has been slow has been

2

Visualisation available from https://ourworldindata.org/covid-mobility-trends and Google mobility reports
available from https://www.google.com/covid19/mobility/
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slow, with a 55% reduction in November 2020, compared with 2019, many months after lockdowns
finished (Christie, 2020; Niall, 2021; Waka Kotahi, 2021).

Pedestrian, car, and cycle counters, located near key infrastructure such as highways and cycleways
have been used to quantify changing use of active transport, with one USA study finding a statistically
significant difference in the total count of cyclists and pedestrians as changing types of travel
(Doubleday et al., 2021). Auckland Transport reports a reduction in commuter cyclists during AL4
lockdowns within the CBD but increased recreational cycling in residential areas (Auckland Transport,
2021; Christie, 2020). However, there are many limitations for using public transport and count-based
data to identify origins and destinations, or the purpose of a trip making these transport-related data
sources unsuitable for this thesis.
2.4

Methods in human mobility analysis

Within mobilities research it is important to understand not only the journey being completed, and the
overarching patterns of movement, but also the origins, destinations, and potential motivation(s) for
beginning these journeys. Clearly homes, workplaces and education facilities comprise a large
proportion of our activity and time spent. To identify these places, one must first understand the
sequences of events during the journey, to distinguish between movement, stops on route (such as
during traffic jams) and final destinations, before comparing these stop locations with potential
enriched location data.
2.4.1

Stop detection methods

First as part of data mining, the process of extracting meaningful and interesting patterns, anomalies
and relationships in big datasets is stop detection. A range of stop detection methods are available
broadly classified into rule-based, machine learning, and probabilistic models (Cui et al., 2018,
Nguyen et al., 2020). Rule-based methods identify a stop, for example using speed, stationary duration,
or maximum distance thresholds distinguishing and removing movements like driving and slow
walking, from deliberate and purposeful stops (Nguyen et al., 2020). Velocity is commonly used to
distinguish between pedestrian and automotive movement; however, this can be inaccurate in
congested areas, incorrectly identifying traffic light stops, requiring additional time-based measures to
improve accuracy (Liao et al., 2007). Furthermore, when using GPS datasets collected in urban areas,
canyon distortion may occur impacting the accuracy of GPS reports (Chen et al., 2010) Alternatively
dwell time, a measure of the amount of time recorded stationary, is commonly used (Nguyen et al.,
2020: Zhou et al., 2007). Systematic reviews found a range of possible dwell times from 60 to 300
seconds have been used previously, noting some researchers select a significantly longer dwell time,
such as Usyukov’s (2017) ten-minute threshold (Nguyen et al., 2020). Rules-based methods are often
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used during the analysis of GPS and life logging data. Still, there has yet to be a consensus on a suitable
and generalisable approach to threshold times. Different sampling intervals and variations in data
quality impact the accuracy of time at rest measurements leading to both over and under-segmentation,
where stops are incorrectly identified leading to either additional or missing stops, not present in the
actual trajectory (Cui et al., 2018; Liao et al., 2007; Nguyen, 2020; Yazdizadeh et al., 2019).

Probabilistic modelling is another approach to stop detection and identification of significant places.
Bayes theorem, which assesses the conditional probability of an event occurring based on the
occurrence of another event, is a theoretical concept behind the development of probabilistic models
(Li et al., 2021: Toch et al., 2018). Many environmental and personal factors act as stimuli on
individuals' decisions where and when to move with models reflecting this (Tang et al., 2016). One
practical example is Tang's Bayesian simulation of shopping behaviours within malls. Given prior
knowledge that lunch and dinner periods will have an increase in visitors, the calculation was weighted
differently during these times. Variables such as age, income, levels of education, and employment
could also impact the probability of a stop occurring (Tang et al., 2016). Finally, dynamically changing
variables such as special events and sales can also stimulate movement into the area. However, prior
knowledge of the distribution of variables is needed to simulate movement using these models
accurately, alongside extra information, models' training, and validation.

Other techniques used to analyse mobility trajectories include conditional random fields, which is a
discriminative prediction model that does not require thresholds, or input number of significant places
parameters to recognise patterns (Liao et al., 2007). Furthermore, Random Forest classifiers, Hidden
Markov models, and Continuous-time Markov chains detect travel modes finding sequential patterns
(Gao et al., 2017; Xiao et al., 2019). Tanahashi et al. (2012) suggest Hidden Markov models are less
suitable for episodic datasets such as CDRs and MPLS, which have significant time gaps preferring
a Naive Bayes Model. Probability modeling can be used independently or in combination with rulebased modeling, clustering, and machine learning. This is evident in Isaacman et al. (2011) using
clustering and logistic regression modeling to analyse mobility from call detail records. While
probabilistic methods can have high levels of accuracy when validated by training and test datasets,
the complexity of implementation makes it difficult for this research, with alternative methods
providing a more suitable and user-friendly approach.

Machine learning (ML) algorithms are increasingly used for stop detection in mobility studies. An
abundance of unsupervised ML such as clustering algorithms are available, and a selection of
commonly used methodologies, and key features are identified in Table 2.1 Unlike supervised machine
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learning, where training is first completed (such as labelling correct clusters) with researcher
intervention, unsupervised models run alone once input parameters are set (Delua., 2021). Using
a single dataset Figure 2.4 shows clustering results from four algorithms, in which different colours
represent unique clusters, and highlighting the varying characteristics, shapes and densities each
method produces.

Figure 2.4. Comparison of four unsupervised machine learning clustering algorithm results. Each
algorithm assigned all data points to one coloured “cluster” (orange, green, blue) formed when set
criteria are meet. Only DBSCAN includes an additional colour (black) representing noise, points which
do not meet the cluster formation criteria. Code to reproduce this graphic was sourced from Sci-Kit
Learn (n.d.)
Clustering algorithms are divided into centroid-based partitioning, hierarchical, density-based, modelbased, grid-based and a mixed-method approach (Xu & Wunsch, 2005). Firstly, centroid based Kmeans clustering. This method requires the identification of an estimated number of cluster variables,
which is challenging for large datasets (Patil & Baidari, 2019; Sreedhar et al. 2017). Furthermore,
while K-means successfully clusters data points, finding a centroid, it is sensitive to outliers, and does
not identify noise points, making it less suitable for stop detection (Likas et al, 2003).

At the forefront of clustering algorithms is Density Based Spatial Clustering with Additional Noise
(DBSCAN), first developed by Ester et al. (1996). DBSCAN iterates through datasets of arbitrary
shapes and sizes labelling clusters and noise features, requiring only input parameters of epsilon and
minimum number of samples for cluster formation (Kuo et al., 2018; Schubert et al., 2017). DBSCAN
has been applied widely for movement analysis including on maritime transportation (Lei, 2019),
crowd detection using twitter locations (Sakkari et al., 2019) and stop detection on GPS (Gong et al.,
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2015; Lue et al., 2010) and Wi-Fi datasets (Wind et al., 2016). The implementation of this clustering
is simplified by open-source libraries, and minimal parameter requirements. In addition, many versions
of this algorithm exist, including the addition of space and time variables [ST-DBSCAN] (Birant &
Kut (2007)), and combination of density and hierarchical clustering scripts (Table 2.1). DBSCAN is
scalable to large datasets however it can be memory and resource intensive (Götz et al., 2015).
DBSCAN can be parallelized, spreading computation across multiple processors simultaneously to
speed up the process using random partitioning RP-DBSCAN (Song & Lee, 2018) and highly parallel
HPDBSCAN (Götz et al., 2015). Added issues arise when DBSCAN is applied to datasets with large
variations in density of data points (Schubert et al., 2017, Wang & Chen, 2018).
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Computing
speed

Identifies
centroids

Detects
non-convex
clusters
Requires
input
epsilon
Requires
input min
sample
num.
Identifies
Noise

Table 2.1 Characteristics of selected unsupervised clustering algorithms based on prior literature. Grey squares represent yes, this feature is commonly
available, while white = no.

Name

Type

Description

Reference

K-MEANS
Clustering

Centroid

Assigns all points to the closest centroid

Likas et al. (2003)

Fast

DBSCAN

Density

Ester et al. (1996)
Schubert et al. (2017)

Fast

Cheng (1995)

Slower

Dempster et al. (1977)
Kim and Song (2011)

Slower

Ankerst et al. (1999)

Fast

Campello et al. (2013)
McInnes and Healy
(2017)

Fast

Song and Lee (2018)

Variable

Birant and Kut (2007)

Fast

minimising Euclidean distance, and variance
An iterative algorithm classifying clusters or
noise points, based on density

Mean shift

Centroid

A mode seeking algorithm locating the optimal
centroid

EM
Expectationmaximization

Model
based

Calculating probability of a cluster using
maximum likelihood estimation.

OPTICS,
Density
ordering points
to identify the
clustering
structure
HDBSCAN
Density
Hierarchicaland
Hierarchy

An extension of DBSCAN, to identify

RP-DBSCAN
Random
Partitioning

Density

Parallel processing approaches, using cell-

ST- DBSCAN
Spatial
Temporal

Density

reachability and order of data points. Does not
assign individual points a cluster label.
Extension of DBSCAN, merging density
based, and hierarchical flat clustering.

based pseudo random partitioning
Expands DBSCAN, imputing additional space
and time variables.
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2.4.2

Mobility metrics

The methods discussed in the preceding sections focus on cluster detection and identifying significant
events such as time spent in particular places. Other techniques, referred to as mobility metrics
(sometimes indicators, measures, or indices), use a series of equations to create derived quantitative
values (Oliver et al., 2020) the results of which are reported as summary statistics and maps. Several
metrics are commonly used to measure spatial and temporal variation in individual and collective
mobility. These include the radius of gyration (ROG), minimum convex polygon (MCP), time spent
at locations, and entropy (the predictability of an individual's movement), to name a few (Fillekes et
al., 2019; Kishore et al., 2020; Kishore et al., 2021; Müller et al., 2021; Song et al., 2021). Many of
the currently used metrics are derived from GPS movement data for a range of (overlapping) purposes
(Fillekes et al., 2019). Firstly, count-based metrics can include calculating the number of visits to
a location (such as home or work), the number of phones visiting key areas, and the frequency of
revisitation/predictability. Next, the spatial extent of movement can be investigated using distancebased metrics, including distance from home and distance between two significant points (Rosa et al.,
2021). Spatial coverage is commonly measured using MCP or ROG approaches to show the size of
neighborhoods, activity space, and distance travelled over time (Flor et al., 2020; Gauvin et al., 2020;
Long & Ren, 2022; Pepe et al., 2020). Finally, time-based metrics commonly measure time spent at
home or work (Lu et al., 2021). However, this requires a nearly constant stream of location data,
whereas mobile phone data is episodic (Fillekes et al., 2019; Flor et al., 2021). Predictability and
routineness are often examined to study weekday/weekend patterns (Teixeira et al., 2021).

Metrics have proven beneficial for understanding changing mobility during COVID-19 across time
and space in response to varying levels of government-enforced mobility restrictions (for example, see
Kishore et al., 2021; Long & Ren. 2022; Oliver et al., 2020; Pepe et al., 2020; Pullano et al., 2020).
Research in Canada found a 50% decrease in the ROG and time spent outside of the home during
lockdowns compared with pre-pandemic conditions (Long & Ren, 2022). This study used an
aggregation unit with a population ranging from 5000-to 15,000, representing a large neighbourhood,
and classified phones area-level socio-economic deprivation quintiles. Overall, areas experiencing
high levels of relative deprivation displayed more movement during the lockdown, aligning with
international studies (Campbell et al., 2021; Gao et al., 2020; Iio et al., 20021; Long & Ren, 2022). In
Houston, USA, Iio et al. (2021) also found reductions in movement varied based on estimated
household income level, with a 72.4% reduction in ROG for high-income brackets compared to a 32%
drop in low-income brackets. Iio et al. (2021) further tested the number of locations visited, finding
reductions ranging from 47.5% to 59.6% from baseline. In England, a 70.4% decrease in the median
radius of gyration during lockdowns was found (Lee et al., 2021). Lee et al.'s in-depth analysis found
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again that the percentage change varied depending on the socio-economic backgrounds of the
neighbourhoods. The findings that high-income areas had higher reductions in movements could be
associated with the ability to work from home, a relationship reported in many other cities and
countries globally (such as Huang et al., 2021; Heroy et al., 2021). The ability to enrich and compare
variation between diverse groups by combining added sources of area-based data like deprivation and
demographic information is a strength of mobility metrics (Long & Ren, 2022). ROG and other metrics
have also compared mobility changes with mortality and disease transmission. In Spain, researchers
found that when ROG exceeded 70% of pre-pandemic levels, mobility rates increased in the following
weeks (Hernando et al., 2021).
2.5

Literature review summary

COVID-19 has provided the opportunity to develop and expand upon methods used in mobilities
research. This thesis builds a framework to investigate changing patterns of movement during
government mandated lockdowns within New Zealand, using mobile phone location data. A range of
mobility metrics, each exploring a strand of movement (such as travelled distance, extent of daily
routines, number of visited locations and the size of activity space) were identified. It will become
evident that using multiple metrics together builds a broad picture of changing mobility and immobility, more so than using a single-stranded approach.
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Chapter 3 : Data, methods and case study
3.0

Introduction

To determine how population mobility changed during 2020 lockdowns and spatial/sociodemographic variations multiple data sets and methods are used. Section 3.1 begins with an
introduction to the study site and selected time periods. Then section 3.2 explores the data sources and
software. Section 3.3 describes data cleaning, and the selected inclusion and exclusion criteria before
section 3.4 sets out the data analysis techniques including clustering algorithms using unsupervised
machine learning, the creation of centroids, semantic enrichment, and mobility metrics. The method
used in this thesis is shown in Figure 3.1.

Figure 3.1. Research methods flowchart. To begin raw mobile phone data was cleaned following set
criteria, then analysed using DBSCAN and mobility metrics. Data from unitary plans and IMD18 was
used to calculate change between deprivation areas, and land use.
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3.1

Study Site

Auckland is the key focus of this research, as the most populated city, with 1.75 million residents and
as a transportation hub, including airports and ports, critical transport links and sites of importation of
COVID-19 into New Zealand. (Statistics NZ, 2020a). The study site in grey (Figure 3.2) was decided
by selecting all areas within the Auckland territorial boundaries, including offshore islands.
Additionally, nearby rural areas along the boundary are included in the study site, as potential
commuters into Auckland for work or provision of services.

CBD

Figure 3.2 Spatial extent of the study site within Auckland, New Zealand. Analysis was completed for
all of Auckland, and any data zone (aggregation unit) that touched the territorial authority boundary,
but for visualisation purposes the figures are zoomed in.
Auckland’s spatial extent is vast, with a densely populated central business district (CBD) (Figure 3.2)
extensive suburban areas, along with large areas with a lower density in rural and industrial settings.
In the results chapter, reference will be made to different geographic regions and suburbs in Auckland,
including Auckland North (such as North Shore, East Coast Bays, Silverdale, Whangaparāoa
Peninsula); East (including Howick and East Tamaki). South (including Mangere, Manakau,
Manurewa, Otahuhu, Papakura); West (Massey, Henderson, Glen Eden, New Lynn, Avondale, Mt
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Roskill); Central (including the CBD, Mt Eden, Epsom, Remuera and St Heliers) and offshore islands
(Rangitoto, Motutapu, and Waiheke).

Auckland has experienced multiple extended and repeated lockdowns in March 2020, March 2021,
and August 2021. Mobile phone location data were available for January 2019 until December 2020,
from which a subsample of 35 days was selected, to align with the key states of New Zealand’s first
lockdowns. Table 3.1, outlines the dates, and COVID-19 alert levels experienced over the five-week
period this study investigates. A baseline during the first week of March 2020 represents mobility
conditions during a normal week, prior to widespread community disease transmission and mobility
restrictions. Additionally, four weeks with varying levels of lockdowns are analysed. These dates were
chosen to show changing mobility patterns prior to the announcement of changes to the alert level, into
AL4 and AL3 lockdowns, and the first week following reduction in restrictions (Table 3.1). The colour
scheme shown in this table will be visible later in the exploratory data analysis and results sections.

Table 3.1 Dates selected for analysis and COVID-19 alert level. The baseline was prior to the
announcement of the COVID-19 alert levels, while week 2 (Pre AL4) included 3 days of indoor
gathering restrictions (<100), 2 days of AL2, and 2 days of AL3. Week three (AL4) included the first
week of lockdown which lasted 33 days total. The final week of lockdown prior to changes was
analysed as Pre AL3. Finally, the first week of AL3 were tested (AL3 lasted 14 days).
Week

Dates

Week 1: Baseline

March 1st -7th, 2020

NA

Week 2: Pre AL4

March 19th – 25th, 2020

2/3

Week 3: AL4

March 26th - April 2nd, 2020

4

Week 4: Pre AL3

April 21st -27th, 2020

4

Week 5: AL3

April 28th - May 4th, 2020

3

3.1.1

Alert Level

Software

Computational analysis was completed on a Nectar Research Cloud Virtual Machine (r3.xlarge)
running Windows Server 2, 2012. The data was prepared and stored on PostgresQL (x64, 13) using
PgAdmin (4). Both Structured Query Language (SQL) and Python (3.8) programming languages were
implemented on a Jupyter Notebook, an open-source web-based application for data analysis,
visualisation, and unsupervised machine learning (Kluyver et al., 2016). Other analysis and
visualisations were completed in QGIS (3.16.6 Hannover) and Excel (Version 2110). Statistical
analysis was completed in SciPy.Stats and Researchpy python packages, and SPSS Statistics for
Windows (Version 24; IMB, 2016). A list of Python packages is provided in Appendix 4.
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3.2

Mobile phone location services dataset

Human mobility data sources are explored in chapter two. The data chosen for this research was
purchased from UberMedia, a mobile phone advertising and location intelligence company. In New
Zealand 90% of UberMedia’s location data is collected through advertisements, while the rest is
retrieved from social media, sporting, and radio apps including “TuneIn Radio, Skout, Radio NZ Live,
Viber Messenger, League Live, MeetMe, Alarmy” (UberMedia, Personal Communication 2021).
Unlike GPS data, which is recorded at set intervals, this data is episodic with some applications
tracking locations only when active/opened, creating long gaps between samples. Other applications
may collect locations in the background creating high frequency trajectories of movement (such as
seen in Figure 3.3, from a high use mobile phone). The raw, unprocessed mobile phone dataset includes
1.5 million phones and over 148 million (148,982,316) rows of geolocated points during the selected
35-days. UberMedia supplied an anonymous hashed identifier which is unique to individual devices,
point based coordinates (latitude and longitude) and time/dates (Table 3.2).
Table 3.2 Attributes and data format for one line of raw GPS location prior to cleaning and processing.
Unix is the number of seconds since 1st Jan 1970, and was converted into New Zealand time and date.
Hashed Identifier

Latitude

Longitude

Unix timestamp

abc123def

36.5738364

174.1626475

1645219372
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Figure 3.3. Example of raw data from a single high use device during the baseline week, prior to
mobility restrictions. The device moved around the local neighbourhood, and Auckland along the
motorway network. In the inset map, the device appears to end, however this is near the Auckland
boundary, where the dataset was clipped. This loss of data due to clipping is a limitation addressed in
section 5.5
3.2.1

Data cleaning

UberMedia pre-processes the raw dataset, removing obvious anomalies, such as international VPNs,
and altering some coordinates slightly to protect anonymity before it is made available to researchers.
The dataset was cleaned using a set of inclusion and exclusion criteria shown in Figure 3.4. These
criteria included a requirement for a minimum number of seventy data points per week, located within
the study sit to represent an average of ten data points per day over a week period. Excluding low
activity phones or outliers is common and necessary for accurate clustering and to constrain the dataset
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size (Calabrese et al., 2013; Huang et al., 2019; Zhao et al., 2016). Other approaches include removing
phones which do not have both, weekday and weekend activity, or selecting a minimum number of
active days (Fillekes et al., 2019). Furthermore, to complete comparisons between different time
periods the unique hashed identifier (phone) must appear in each of the five time periods. After
cleaning, 20,272 unique phones were selected, with more than eighty-seven million (87,713,589) rows
of geolocated points.

Figure 3.4 Selection criteria flow chart. First the dataset was clipped by location to include data points
within the Auckland territorial boundary (Stats NZ, 2022). Then low activity and phones that did not
appear in all five weeks were removed. This method was based on international studies which
constrained the time, location, and number of points such as Long and Ren., (2022).
3.3

Data sources

A range of open-source secondary supplementary data was collected, and details are provided in Table
3.3 below. This includes the eight major Auckland Council Unitary Plan classifications of business,
coastal, general, new growth, public open space, residential, rural (Auckland Council., 2019), as
displayed in a Figure 3.5.
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Table 3.3 Data type, source, and description. The UberMedia dataset is not publicly available in line
with ethics and contract limitations. The remaining supplementary data sets are open source and
available from national authorities.
Data Type

Description

Source (add year

Mobile phone
locations

Latitude/longitude with Unix timestamp and unique
phone identifier.

UberMedia(2020)3

Auckland Territorial
Authority Boundary

Location of Auckland cities boundary. Used to
remove points located outside of the study site

Statistics NZ
(2021)4

IMD 2018 and data
zones

Neighbourhood-sized spatial aggregation units, with
associated deprivation data and index ranking

Exeter et al.
(2018) 5

New Zealand
Facilities Layer

Location of hospitals and schools and other public
features throughout Auckland

LINZ (2020)6

Auckland Unitary
Plan

Land use planning classifications (Figure 3.5)

Auckland Council
(2019) 7

State highways and
road centrelines

Motorway centreline which were buffered (20
metres) before clustering was completed to remove
phones moving along the motorway network.

NZTA (2011)
NZTA (2020)8

NZ Coastlines and
Islands Polygon

Geographic land borders- to remove data points
recorded in the ocean

LINZ (2021)

3

https://um.co/
https://datafinder.stats.govt.nz/layer/104267-territorial-authority-2020-generalised/
5
https://imdmap.auckland.ac.nz/download/
6
https://data.linz.govt.nz/layer/105588-nz-facilities/
7
https://aucklandcouncil.maps.arcgis.com/home/item.html?id=05d11a9f6d9046c0b232af6999b97381
8
https://catalogue.data.govt.nz/dataset/nz-state-highway-centrelines
4
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Figure 3.5. Auckland Unitary Planning land use classifications. This dataset is used to classify the
potential purpose of a trip and for comparisons against Google Mobility data. Areas in white within
land boundaries show roadways. The urban-rural divide is clear on the left map, with rural (light green)
and public open space (dark green) (like Waitakere Forest) separate from residential zones (blue). On
the left within the CBD there is residential land use, with some public open space (parks, and
volcanoes) special purpose (including hospitals) (in purple) and business in grey along the waterfront
near ports of Auckland, the CBD, and towards South Auckland.
To investigate the socio-demographic background of neighbourhoods, more data was needed. Mobile
phone location data were linked to neighbourhood level geographic units called data zones, which hold
between 500 and 999 individuals and the 2018 Index of Multiple Deprivation [IMD18] (Exeter et al.,
2018). IMD18 includes seven key domains of deprivation including accessibility to services, housing,
crime, and education, to make comparison between different deprivation and socio-economic areas
(Exeter et al., 2018) (Appendix 5). The index divides neighbourhoods into deciles, with the 10% least
deprived zones labelled decile one, and the 10% most deprived areas ranked decile ten.
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Figure 3.6. Index of Multiple Deprivation 20189. There are lower levels of socio-economic deprivation
(lightest purple) along the coast in North Shore, Central and East Auckland, and higher levels in West
Auckland, and throughout South Auckland (dark purple) (Exeter et al., 2018). Appendix 5 displays the
weighting criteria and input data sets used to calculate this index.
3.4

Density Based Spatial Clustering with Additional Noise - DBSCAN

A range of clustering algorithms are currently available, such as K-means, OPTICS, and many
modifications of DBSCAN (See 2.4.1 for details), however DBSCAN was the most suitable method
for this research. The clustering process runs separately for each individual phone, as follows.
1. First two parameters are selected. Epsilon [EPS] which represents the maximum radius from
a point (Ester et al., 1996). Then a minimum number of samples [MinPts] which must be
exceeded/present inside the EPS radius, to form a cluster. Using trial and error an EPS of 0.075
was selected, and a MinPts of 4 based on Scheubert et al (2017).
2. The algorithm then automatically selects a random data point to begin with, which is
represented by the gold point in step 2 of Figure 3.7
9

This dataset is available for download from www.fmhs.auckland.ac.nz/imd18
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3. Points within the epsilon radius of this random point are classified as core (in blue). To form
a cluster, the number of core points must exceed the minimum number of samples (Step 3)
4. This process iterates through the dataset finding and labelling additional points within the
epsilon. These new points are classified as border points. (Step 4)
5. The process is repeated, until no new points are found within the EPS radius, at which point
the cluster is complete (Step 5).
6. The algorithm repeats steps 2-5 for another random point. The algorithm finishes, when all
datapoints are classified into a cluster, or labelled if they are outside of the epsilon radius reach
of a cluster (Step 6)
The final output of DBSCAN is a cluster label, ranging from -1 signifying noise to 20+ depending on
the number of points and significant locations visited by the phone (Figure 3.7, Step 6). To find the
significance of the cluster and potential trip purpose, further processing is needed. Firstly, the common
night-time location is found by checking which clusters have data points between 11pm and 5am. The
cluster with the most night-time locations is used as a proxy for potential home locations. While
misclassification of some individuals’ home locations such as night-shift workers, and homeless
populations whose patterns do not conform to our assumptions may occur, this approach is consistent
with methods applied elsewhere (Such as Yin & Leurent 2021). Alternative approaches to finding
home include selecting the location between 7am and 9am, which Zhou et al (2020) suggest based on
the assumption that people start their day at home, however this may be inaccurate, capturing
commuters, during peak travel times. To find the common day location, the cluster with the most points
during the day between 5am and 11pm is used. The number of common day location varies with
literature suggesting individuals prefer to revisit a small number of locations often, like workplaces,
gyms, and friends/family homes each week (Sila-Nowicka et al., 2016). This results in a small number
of common locations, less than 4 per week. Therefore, only the five largest (in density) clusters
progress to the next stage of processing and semantic enrichment.
Table 3.4 Simplified example for one phone over one week after DBSCAN and centroid identification.
Hashed Id

Latitude

Longitude

Unix timestamp

Cluster

abc123def

-36.573836

174.162647

157973393837

-1 (noise)

abc123def

-36. 853505

174.768000

157973393834

1

abc123def

-36.767911

174.769707

157973393855

2

abc123def

-36.796719

174.760380

157973393837

3
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Figure 3.7 Flowchart of DBSCAN step by step. In Step 1. Cluster formation criteria are set, based on
literature and prior testing on phones of varied granularity. During step 2 a random point is identified,
then each point within its radius is found, extending this process until no points are within reach. The
identified points are assigned a cluster value beginning at 0. Step 2 -> 5 are repeated until all points
are either assigned to a cluster or too distant (then labelled noise -1). DBSCAN was completed using
a loop for each phone, each week.
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3.4.1

Centroids and semantic enrichment

While the DBSCAN algorithm is designed to group data points into clusters, the output does not return
information about the centre point (centroid) of each cluster detected. Therefore, centroids were
calculated for each cluster (by finding the average x and y coordinate for all points with a shared cluster
number). As prior literature suggests we only visit a small number of significant locations often, (2.1.2)
we used the top five largest clusters centroids. These centroids were further classified into land use
type using a point in polygon query with the Auckland Unitary plans (Table 3.3).
3.4.2

Number of significant locations

DBSCAN clustering was used to calculate the number of distinct significant locations per phone. This
number was then aggregated to data zones based on the recorded location (Figure 3.8), to determine
hotspots of high visitation (displayed normalised by area) and by common night-time location to see
if phones from certain areas visited a higher number of locations.

Figure 3.8 Number of significant locations by recorded location- prior to normalisation by area. This
figure shows fictious data for a small area of Auckland. All significant location clusters within the
areas were counted based on data zone location. In doing so, hotspots and key areas visited each week
could be mapped and the percentage change from baseline (increase or decrease) became visible.
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3.5

Metrics

Next a selection of mobility metrics, identified in section 2.4.2 were calculated. In this research, metric
outputs were calculated for each individual during the five separate time periods, before aggregation
to data zones. Aggregation of movement data is a key analytical tool for protecting an individual's
privacy by using the median value of changes from a subsample of the group (Flor et al., 2020).
Aggregation and mobility metrics reduces the impact of inaccuracies caused by outliers (Flor et al.,
2020). To understand human mobility's complex and multidimensional nature, it is beneficial to use
multiple metrics in conjunction rather than relying on singular metrics, so five metrics have been tested
(Chen & Poorthuis, 2021; Fillekes et al., 2019; Lee et al., 2021). The results of each metric are
discussed in detail later in the results.
3.5.1

Total distance travelled (Haversine distance (H_dist))

H_dist, also known as great circle distance, measures the shortest distance between imputed
coordinates ignoring local topography and road networks by using the spherical distance and the radius
of the earth (González et al., 2008; Sci-Kit Learn, 2021. Figure 3.9). H_dist formula is prominently
used for navigation and shortest path routing, using the following formula
𝐷(𝜑𝜆, 𝜑) = 2 arcsin [√sin2 (

𝜑𝜆1 − 𝜑1
𝜑𝜆2 − 𝜑2
) + cos(𝜑𝜆1) cos( 𝜑1) sin2 (
)]
2
2

Where φ and φλ represent latitude and longitude, returning distance in kilometers (Chopde & Nichant,
2013; Sci-Kit Learn, 2021). H_dist is reported as total distance covered per week (by measuring
distance between sequential points) and the distance between common night-time location to the
following four most visited (largest number of points recorded) significant locations. Alternatively
Euclidean distance could be calculated however Comito (2018), and Roy et al. (2019) recommended
H_dist because using Euclidean measures over longer distances may result in reduced accuracy.
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Figure 3.9 H_dist for one phone, between the common night-time location, and next four largest
clusters. The total H_dist is calculated by summing the distance travelled during each journey
3.5.2

Distance from home

Another distance-based measure used to assess adherence to the Government’s Public Health Order to
remain in our local neighbourhoods is maximum distance from home (common night-time location).
This is calculated as
𝑑ℎ𝑚𝑎𝑥 (𝑢) =

𝑚𝑎𝑥 𝑑𝑖𝑠𝑡(𝑟𝑖 , ℎ(𝑢)),

1≤𝑖<𝑗<𝑛𝑢

where 𝑛𝑢 is the total number of points for each individual phone (u), 𝒓𝒊 is XY coordinates, 𝒅𝒊𝒔𝒕 is the
distance in kilometers between two locations and home location 𝒉(𝒖) is the ‘home address’ defined
in this thesis as the location at which an individual is found between 10pm and 7am (ℎ(𝑢) =
arg 𝑚𝑎𝑥|{𝑟𝑖 |𝑡(𝑟𝑖 ) ∈ [𝑡𝑠𝑡𝑎𝑟𝑡𝑛𝑖𝑔ℎ𝑡 , 𝑡𝑒𝑛𝑑𝑛𝑖𝑔ℎ𝑡 ]}|) (Canzian & Musolesi, 2015; Csáji et al., 2012;
𝑖

Pappalardo et al., 2019; Phithakkitnukoon et al., 2012; Williams et al., 2015) (Figure 3.10).
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Figure 3.10: This displays the maximum distance from home calculated using Scikit-Mobilities
individual mobility metric code (Pappalardo et al., 2019). The bold arrow line indicates the journey
with the maximum straight-line distance.
3.5.3

Radius of Gyration (ROG)

Next, to understand the changing shape and spatial coverage of individuals spatial behaviour ROG was
calculated (Figure 3.11). ROG is determined using
𝑛𝑢

1
𝑟𝑔 (𝑢) = √ ∑
𝑛𝑢

𝑑𝑖𝑠𝑡(𝑟𝑖 (𝑢) − 𝑟𝑐𝑚 (𝑢))2

𝑖=1

“where 𝑟𝑖 (𝑢) represents the 𝑛𝑢 positions recorded for 𝑢, and 𝑟𝑐𝑚 (𝑢) is the centre of mass of 𝑢’s
trajectory” (Sci-Kit Mobility, 2021). To simplify this ROG finds the centre most point and calculates
the root mean squared distance away from this point (Kishore et al., 2020; Long & Ren, 2022). ROG
is calculated as kilometers travelled for each phone, during the selected week.
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Figure 3.11 Radius of gyration (ROG) for two phones, with different number of points (low versus
high use). The red X indicated the phones centre of mass, the red circle is the radius, and dashed line
is the final ROG measurement. ROG increases as the distance between locations increases. Image
based on Pappalardo et al (2016) figure. Both phones are raw data prior to the removal of motorway
data points (which was needed for clustering). Interestingly the right-hand phone shows a break in the
trajectory, when the phone travelled through the Waterview underground tunnel.
3.5.4

Minimum convex polygon (MCP)

The minimum convex polygon (MCP) is derived from animal ecology research and indicates the home
range (in animals) and activity space/ spatial extent of an individual’s neighbourhood (in human
mobility) (Demšar et al. 2021). Phones with a higher number of spatially dispersed significant locations
have higher MCP area coverage, although this value does not reflect the number of repetitions, types
of locations or duration of visit. MCP creates the most geographically tight boundary around a set of
points, usually a polygon (with no internal angles >180) using quick hull algorithm, and example of
which is shown in Figure 3.12 (Barber et al., 1996, Su et al., 2022). The geographic area of the polygon
is measured with the resulting value linked with common night-time polygon and displayed as
a median for all phones within a shared data zone. Su et al. (2022) suggest MCP can overestimate the
size of an individual’s activity space, recommending the use of ROG in conjunction to understand
spatial spread and distributions of stops.
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Figure 3.12 Minimum convex polygon (MCP) for one phone. A polygon encompasses all points for
the select phone is created and the area was measured in square kilometres.
3.6

Statistical hypothesis testing

Histograms and Shapiro-Wilks tests were used to verify normality of the results calculated for each set
of metrics used in this thesis. These tests found the data not to be normally distributed but positively
skewed (Figure 3.13). Therefore, as recommended (Clark & Hosking, 1988) non-parametric tests of
significance were used. Fagerland (2012) suggest that for datasets with sufficiently large sample sizes,
parametric tests can be completed even with strong skewness, however this is not common. A p value
of <0.05 was considered.
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Figure 3.13: Skewed histogram exemplar: displaying the total haversine distance per phone user in
kilometers. All resulted tested were skewed, requiring non-parametric methods. Created using
SciPy.Stats.
To compare paired metrics results from individuals across different weeks, the results were tested using
Wilcoxon Signed Rank. This test requires matched pairs, to test the significance before and after an
intervention (in this case varying levels of lockdowns) (Laerd Statistics., 2018). A null hypothesis that
there are no differences between different weeks of lockdown was tested and rejected, with
comparisons between baseline conditions, and different levels of lockdown finding significant
differences (Table 3.5).
Table 3.5 Wilcoxon Signed-Rank Test of significance. Five metrics were tested comparing differences
between weeks. A tick✔ signifies a p<0.05. All metrics displayed statistically significant differences
between weeks.
baseline –

baseline

baseline –

baseline

Pre AL4 – AL4 –

AL4 –

Pre AL4

AL4

Pre AL3

AL3

AL4

Pre AL3

AL3

Max distance

✔

✔

✔

✔

✔

✔

✔

ROG

✔

✔

✔

✔

✔

✔

✔

MCP

✔

✔

✔

✔

✔

✔

✔

Total H_dist

✔

✔

✔

✔

✔

✔

✔

# of locations

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

✔

H_dist
between
locations
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The IMD18 ranks each data zone in NZ from 1 to 6181, in ascending order of relative neighbourhood
deprivation (Exeter et al., 2018). The IMD18 ranks were grouped into quintiles representing the 20%
least (Q1) and most socio-economically deprived (Q5) data zones and merged with the cluster results
for each of the 5 weeks under investigation in this study. The null hypothesis tested was that there
would be no difference in metric results between different areas experiencing different levels of socioeconomic deprivation. Kruskal–Wallis one-way analysis of variance was selected as the appropriate
statistical test, as this tests differences between a continuous dependent variable (e.g. the metric of
interest), and a categorical variable with 2 or more groups of independent observations (e.g. IMD18
quintiles), with the same variability (Laerd Statistics., 2015). During baseline conditions the null
hypothesis is rejected, with significant differences in all metrices between different deprivation levels
(Table 3.6). Over time, as lockdown restrictions intensifies, the level of significance of variations
changes, with some metrics (MCP and total H_dist) showing no statistically significant variation,
suggesting increased similarities in movement during these time periods.
Table 3.6 Kruskal-Wallis one-way analysis of variance test p-values within the 5 IMD18 quintiles of
socio-economic deprivation during the selected time to question if a significance relationship was
present between groups
baseline

Pre AL4

AL4

Pre AL3

AL3

Max Distance

✔

✔

✔

✔

✔

ROG

✔

✔

✔

✔

✔

MCP

✔

✔

.164

.174

.215

Total H_dist

✔

✔

.050

.072

✔

# of locations

✔

✔

✔

✔

✔

As twenty out of twenty-five results showed statistically significant variations, further in-depth
comparisons were completed, comparing each deprivation quintile, per metric and week. In baseline
conditions prior to lockdowns, there was statistically significant variations between Q1 (least deprived)
and Q5 (most deprived) compared with most other quintiles (Table 3.7). However, Q2, Q3, and Q4
neighbourhoods showed less variation, suggesting these areas had broadly similar mobility patterns
over the 5 weeks. Over time as restrictions increased the variation between quintiles reduced, with
previously meaningful results becoming insignificant during AL4. In particular for number of clusters,
during baseline seven out of ten tests where significant compared with two out of ten in AL4, with
only (Q1 vs Q5) and (Q3 vs Q5) under p 0.05. Similarly for max distance and radius of gyration, only
comparisons to Q5 where statistically significant in lockdown AL4. Later in the results, only
statistically significant results, and outliers are discussed.
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Table 3.7 Statistical significance outputs. Variation between socio-economic deprivation quintiles. A tick✔ signifies a p<0.05 while✖ indicates p>0.05.
Quintile groups were compared directly against each other (e.g. Q1 versus Q2, Q1 versus Q2 and so on) for each week.
Metric

Baseline
Quintile

1

Number of

2

✖

locations

3

✔

✖

4

✔

✔

✖

5

✔

✔

✔

2

✔

3

✔

✖

4

✔

✖

✖

5

✔

✔

✔

Max distance

2

✔

from home

3

✔

✔

4

✔

✖

✔

5

✔

✔

✔

2

✔

3

✖

✔

4

✔

✖

✔

5

✔

✔

✔

2

✔

3

✔

✖

4

✔

✖

✔

5

✔

✔

✔

Total H_dist

ROG

MCP

2

Pre AL4
3

4

1

2

AL4
3

4

✖

✔

✔

✖

✔

✖

✖

✔

✔

✔

✔

✖

✖

✔

✖

✖

✔

✖

✔

✖

✖

✖

✔

✖

✔

✔

✖

✖

✖

✖

✔

✔

✖

✔

✖

✖

✔

✖

✖

✖

✖

✖

✖

✔

✖

✔

✖

✖

✔

✖

✔

✔

2

3

4

✖

✖

✔

✖

✖

✖

✔

✖

✔

✖

✖

✔

✔

✔

✔

✔

✔

✖

✖

✖

✖

✖

✔

✔

✔

✔

✖

✖

✖

✖

✖

✖

✔

✖

✖

✖

✖

✖

✖

✔

✔

✔

✔

✖

✔

✖

✖

✖

✔

✔

✔

✔

✖

✔

✔

✖

✖

✔

✖

✖

✖

✖

4

✖

✖

✔

✖

✔

✔

✔

✔

✖

✖

✔

✖

✔

✖

✔

✔

✖

✖

✔

✔

✔

✔

✖

✔

✔

✔

✔

✖

✖

✔

✖

✖

✖

✔

✔

✔

✔

✔

✔

3

✖

✖

✖

2

✖

✖

✖

1
✖

✔

✖

✖

1

AL3

✖

✖

✔

✔

4

✖

✔

✖

3

✔

✔

✖

2

✖

✔

✔

1

Pre AL3

✔

✔

✔

✔

✖

✔

✔

✔

✔

✖

✖

✖

✖

✖

✖

✖

✖

✖

✖

✖

✔

✖

✖

✖

✖

✖

✖

✖
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Chapter 4 : Results
Media reports, international literature, and personal experience suggest COVID-19 lockdowns in New
Zealand reduced our mobility. Moving beyond literature and media analysis, quantitative analyses
were used to understand the scale and spatial extent of such reductions, answering "What were the
changes to human mobility in Auckland during the March 2020 COVID-19 lockdowns". First in
exploratory data analysis, spatial and temporal variations in the raw dataset were explored (4.1). Then
the outputs of DBSCAN clustering are examined, comparing the number of locations visited and land
use types before and during different lockdown intensities, based on both phone home location and
recorded location (4.2, 4.3). Finally, the results of five mobility metrics are presented, for Auckland,
and between the lowest and highest socio-economic deprivation areas (Q1 and Q5 as shown in Figure
4.1) (4.4). This is deliberate as prior literature suggests there were statistically significant variations
between these deprivation levels (2.2).

Figure 4.1 IMD18 deprivation (Exeter et al., 2018). There are concentrations of higher deprivation
(Q5) in South/ West Auckland, compared to less deprived coastal North Shore, CBD, East Auckland
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4.1

Exploratory Data Analysis (EDA)

This study includes 20,272 phones (potentially phone users10), equal to ~1.2% of Auckland's estimated
population of 1.7 million. The sample is not likely to represent all individuals, ethnicities, genders,
ages, and population groups due to the inherent bias of mobile phone datasets and applications used in
data collection. As the dataset is anonymous, testing representativeness is challenging. First, the
number and spread of homes within the sample were compared with data zone (administrative/spatial
unit) population counts, searching for areas that might be over or underrepresented. Out of 2036
Auckland IMD18 data zones, nearly all (2032) had at least one common night-time location identified.
On average, in each data zone (each having between 500-~1000 people), there was a mean of 9.93
home locations per data zone during baseline week (March 1st – 7th, 2020). There were some outliers,
with higher-than-expected percentages, particularly in South Auckland, in the data zone containing
Auckland Airport, with 78 home locations (12.5% of the data zone population) which may indicate
issues with home location identification perhaps caused by unusual working patterns of night shift
workers (Table 4.1). Additionally, recreational reserves such as Rangitoto/Motutapu Islands, located
offshore in the Hauraki Gulf, showed higher than expected values considering the permanent
population is very low. However, tourists camping overnight, or nearby boats could account for this.
Table 4.1 Summary Statistics. Number of common night-time location per data zone during baseline.
Time

Min

Maximum

Median

Mean

Skew

Std Deviation

Baseline

0

78

9

9.93

2.08

5.64

The number of common night-time locations normalised by the 2018 census population is mapped in
Figure 21 to compare different neighborhoods. Visually, there are areas of lower representation in
Auckland central in the CBD (Figure 4.2 (1), rural areas in the West (near Waitakere Ranges,
approximately 20km from Auckland CBD (2)). Additionally, lower representation areas are present
throughout South Auckland (3), an area that is associated with higher levels of deprivation, and
commercial/industrial land use near Auckland Airport (Figure 3.6, Figure 4.2)

11

.Comparatively the

most represented data zones are predominantly in Q1 and Q2 (low deprivation) areas in suburban North
Auckland. Some rural areas in northwest Auckland (in Kumeu, Riverhead, and Waimauku- 25km from
Auckland CBD) appear to have higher representation when normalised by the population due to the
large area and low population density.

10

Note: Each phone does not necessarily represent a single individual. Some individuals carry multiple phones
(e.g., work and personal); alternatively, multiple people may share one phone.
11
See Section 3.1, for visualisation of Auckland regions (North, South, East, West, Central, and offshore islands)
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Figure 4.2 Number of common night-time locations as a percentage of 2018 IMD 18 data zone
population 1. Central Auckland. 2. Rural Waitakere Ranges/Piha beach. 3. South Auckland.
4.1.1 Temporal variation
Next, temporal variation in recorded mobile phone data points was analysed. As previously mentioned,
mobile phone location services data is episodic, and the granularity and number of geolocated points
recorded vary between individuals (Section 2.3.5). For privacy protection, all results were aggregated
to data zones. The minimum number of points per individual for all weeks is 70 as described in section
(3.2.1). Summary statistics are provided in Figure 4.3 and Table 4.2. The median is 905.5 (mean =
1119.4) points per phone during the baseline week, reducing to 605 (mean 700.7) during Pre AL3
(Table 4.2). Once AL3 began, a slight increase was observed to 695 points, aligning with the reduction
in the lockdown controls.

Figure 4.3 Number of raw data points per unique phone, per week. Each colour represents a COVID19 alert level phase. Note outliers (>3000) are removed for visualisation purposes only.
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Table 4.2. Summary statistics: Number of raw data points per phone, per week.
Time

Maximum

Median

Mean

Skew

Std Deviation

Baseline

16881

905.5

1119.4

2.8

943.3

Pre AL4

22445

742.0

907.4

3.8

757.3

AL4

19052

665.0

789.0

4.9

601.1

Pre AL3

20337

605.0

700.7

5.0

523.2

AL3

16151

695.0

810.9

3.6

633.8

Generally, there is a reduction in high use phone over time, with baseline including 819 phones that
recorded an excess of 3000 points (the upper bound limit of Figure 4.3) compared with 393 (Pre AL4),
196 (AL4), 110 (Pre AL3), and 218 (AL3). After closer visual inspection, high-use phones often travel
along the motorway network between many locations, suggesting driving-based occupations, such as
courier or truck driver, with mapping or radio applications constantly providing location information.
For further clarity, the count of data points is broken down into daily counts for all five weeks (Figure
4.4). An unexpectedly large reduction occurred during AL2 on Saturday 21st / Sunday 22nd March,
perhaps in response to the announcement of the COVID-19 alert level framework. During baseline and
pre AL4 (yellow and orange, alert level 2 and 3), there is a difference in the median between weekday
and weekend counts from 121 (average mean of 155) for Sunday 1st and Saturday 7th March,
compared with 135.2 (mean 175) for Monday 1st – Friday 6th. Later in lockdown (AL4 and Pre AL3),
this variation between weekends/weekdays is not apparent, suggesting less variability in the amount
of data points recorded over different days of the week as the level of restrictions intensified.

Figure 4.4 Number of raw data points recorded each day between March 1st and May 4th 2020.
The most common data capture period is during work hours between 6 am and 5 pm (Figure 4.5).
However, there was an increase in number of points observed overnight in during AL4 (Figure 4.5),
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possibly due to changing routines as businesses and schools closed, allowing flexibility in work
schedules to accommodate home-schooling, for example. Breaking down further into hourly totals;
during the baseline week and pre AL4 there are bimodal peaks at 8-9 am and 5-6 pm aligning with
standard commuting patterns. These peaks disappear during lockdown with a more even spread of
counts across daylight hours, along with increasing percentages overnight (Figure 4.5).

Figure 4.5 Changing percentage of datapoints per time period and time of day. As the number of points
per week is not equal (Figure 4.3) the total per hour/week is divided by the relevant weekly sum.
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4.2 Spatial clustering. Changing land use visitation and DBSCAN outputs
The outputs of DBSCAN are a series of data points labelled with a common cluster identifier or as
noise. For the purposes of this thesis these clusters are referred to throughout this chapter as significant
locations. Prior to running DBSCAN, data points within a 10-metre buffer of major
highways/motorways were removed to reduce inaccuracies and accidental misclassification of
stationary time spent in a traffic jam. Due to the episodic nature of mobile phone location data, it is
not accurate to measure the length of time spent somewhere. Rather, the number of distinct locations
is calculated in each week and compared over different lockdown conditions in Table 4.3 and Figure
4.6. Several phones visited a much higher number of locations, with maximums ranging from 35
locations during baseline week to a low of eighteen during the lockdown. Outliers during lockdown
likely represent essential workers.

The median number of significant locations visited per phone during the baseline week is eleven (Table
4.3), which drops significantly to a low of three locations during AL4 lockdown. At baseline,
workplaces, educational, recreational, and shopping facilities were open, with no limits on gathering
size, resulting in greater mobility and a variety of places potentially visited. In AL4, all non-essential
services closed, resulting in fewer locations to visit. However, public parks remained open at all levels,
and government recommendations allowed for exercise outside of the home trips to supermarkets and
medical facilities and for essential work, which may explain why the median is not closer to one (only
the common night-time location/home). Interestingly, the medians rose from three locations in the first
week of AL4 lockdown to four during the last week of lockdown (Pre AL3). During this period, the
government announced the reduction of alert level status and restrictions with five days’ notice, which
media reports suggest reduced compliance to lockdown mandates (Pennington, 2020). Alternatively,
increases may result from individuals returning early to offices/building/schools to prepare to reopen
eligible services such as takeaways, education, and stock-taking as permitted by the Ministry of Health
(April 20th 2020).
Table 4.3 Summary statistics: Number of significant locations identified in DBSCAN clustering per
phone
Time

Minimum

Maximum

Median

Mean

Skew

Std Deviation

Baseline

1.0

35.0

11

11.0

1.4

3.7

Pre AL4

0

18.0

6

6.2

0.6

2.7

AL4

0

18.0

3

3.9

1.4

2.4

Pre AL3

0

24.0

4

4.0

2.0

2.5

AL3

0

22.0

5

5.5

1.1

2.9
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In AL3, the median number of locations rose to five, as some industries, including construction,
takeaways, and contactless shopping reopened (Figure 4.6). During AL3, single individuals, families
with shared custody agreements, and caregiving responsibilities were allowed to expand their “bubble”
to include one other “bubble” (a colloquialism used to describe family groups in one household), which
could contribute to the identified increases (Franks, 2020). Finally, increasing accessibility to
recreational activities may increase the median, with no restrictions on traveling distance for exercise
outside their local neighbourhood to visit distant beaches and regional parks (Appendix 2).

During AL4 the minimum number of locations is 0. During DBSCAN clustering, if a phone does not
meet the clustering criteria (section 3.4) including a minimum sample size (number of points) within
close enough proximity, all data points will be recorded as “noise” rather than forming a cluster (as
there is no significant location) leading to this low value. This is particularly challenging to overcome
with episodic data.

Figure 4.6 Number of significant locations per unique phone, aggregated by week. In this visualisation
outliers outside of the upper and low whiskers are removed for clarity.
As mentioned in section 2.1.2, significant locations such as homes usually show the highest trip
frequency, duration and predictability. During the baseline week, the minimum percent of total points
(per week) located within the most commonly visited location (the largest clusters) was 61.53% raising
to a peak of 88.88% in AL4 as lockdown restrictions intensified. Similarly, the average rose from 80%
to 97% (Figure 4.7, Table 4.4). Unsurprisingly during lockdown, the maximum reached 100% as
people remained at home. These results and Figure 4.7 suggest the common night-time location
selected using DBSCAN has worked well in identifying the most frequently visited location (as a proxy
for home location).
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Figure 4.7 Percentage of total data points (per phone) located in common night-time location.
Table 4.4 Summary statistics: percentage of total data points (per phone) located in common nighttime location
Time

Minimum Maximum

Median

Mean

Skew

Std Deviation

Baseline

61.53

96.15

83.03

83.00

-0.28

1.90

Pre AL4

80.00

100

95.21

95.20

-0.55

1.04

AL4

88.88

100

87.77

97.74

-0.96

0.71

Pre AL3

83.88

100

97.17

97.12

-0.84

0.86

AL3

86.66

100

96.24

96.21

-0.46

0.94

Next, the number of locations was compared between areas with different deprivation levels based on
phone common night-time location. It was hypothesized in the media that people living within lower
socio-economic areas were more likely to be involved in essential work like supermarkets, cleaning,
airport, hospital, and health care (MBIE, 2020). While variations in employment cannot be directly
answered here using this mobile phone location data, there was a statistically significant difference
between the number of locations visited by individuals from Q1 data zones compared to Q5 each week.
Specifically, least deprived (Q1) areas had slightly higher mean across all the weeks (Table 4.5)
Table 4.5 Number of significant location clusters for each deprivation quintile. Based on phone
common night-time location quintile.
Time

Quintile

Maximum

Median

Mean

Skew

Std Deviation

Baseline

1

35.00

11.00

11.17

1.47

3.69

5

33.00

10.00

10.64

1.29

3.79
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Pre AL4

AL4

Pre AL3

AL3

1

18.00

6.00

6.29

0.73

2.70

5

18.00

6.00

5.95

0.63

2.70

1

18.00

3.00

3.98

1.41

2.47

5

18.00

3.00

3.83

1.42

2.46

1

24.00

4.00

4.09

2.02

2.49

5

23.00

3.00

3.85

2.14

2.49

1

22.00

5.00

5.52

1.13

2.88

5

22.00

5.00

5.27

1.13

2.96

To understand changes in the number of clusters (based on phone common night-time location), Figure
4.8 displays the median value for all phones within each data zone. During baseline, only three data
zones had fewer than five significant locations, seven data zones exceeded fifteen, and the remainder
comprised between six and fourteen. While statistically significant variations were identified in section
3.6, Table 3.5 and Table 3.6, this variation between areas is less obvious visually on maps (Figure
4.8A, B, C). The only areas with over fifteen clusters are in more densely urbanised Auckland Central.
Comparatively in AL4, both medians dropped significantly to three as variations between individuals
become less evident (Table 4.5, Figure 4.8A). There is slightly more variation in the observed means
between deprivation groups (3.98 versus 3.83), due to outliers skewing these results. Piha in West
Auckland is an outlier, representing only one common night location.

For clarity, an additional map was created on a smaller scale. In Figure 4.8B2, similarly to baseline,
data zones in central Auckland have the highest relative medians number. Phones from rural data zones
again show fewer significant location; this likely relates to the types of work (farming and agriculture),
not requiring travel outside of the local common night-time location neighbourhood. Comparatively
in suburban areas, commuting for work is more common and the number of nearby attractions and
facilities is higher, resulting in higher average for phones based in these data zones. Interestingly, data
zones located on the Auckland border (outside of the map extent) in rural areas show a high number
of clusters compared to the overall median (> 5). This may be related to border restrictions forcing
communities to travel to alternative shopping destinations instead of entering Auckland. Alternatively,
DBSCAN may have incorrectly clustered any stops at border checkpoints, which had traffic.

Finally, in AL3, the median number of clusters throughout Auckland data zones increased to 5 (Table
4.5, Figure 4.8C). There is an outlier in New Lynn outlined in red. This represents only one common
night-time location/phone, meaning this change is only representative of that individual’s movements.
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Figure 4.8 Number of clusters per data zone based on phone common night-time location. An
additional map, at a smaller scale for AL4 is provided below and Pre AL4/AL3 in Appendix 6.
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B2

To identify hotspots and the most visited data zones, the number of clusters was grouped spatially,
according to the location of observations per data zone, rather than linked to phone common nighttime location). The first series of data has been normalised by data zone area to show changing patterns
in concentration and account for varying size (area) of some data zones. In Figure 4.9A, the most
visited locations are within the CBD (1), North Shore (2), Manakau and Botany/Howick (3). This
aligns with expectations from outcoming and incoming commuter flows, with a high density of
workplaces and facilities in these areas (Stats NZ 2022a). During AL4 (Figure 4.9B), the pattern is
more scattered, with reduced numbers of clustered recorded in the CBD. Some hotspots are still visible
near Queen Street in the CBD (4), and in areas with high-density accommodation, such as apartment
blocks with a high density/data zone area (this is also evident in AL3). Finally, there is a considerable
reduction of number of clusters in the “Learning Quarter,” where many education facilities, including
the University of Auckland and Auckland University of Technology, are located (4) (Figure 4.9C).
According to Statistics NZ’s 2018 census, together, these areas accounted for ~ 50,000 daily visitors
for work or education (StatsNZ. 2022a), with closures of these facilities leading to a reduction in
significant locations.
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41

Figure 4.9 Number of clusters normalised by data zone area. 1. Auckland Central. 2. North Shore. 3.
Botany/Howick. 4. Auckland CBD. For weeks Pre AL3 and Pre AL4 see Appendix 7
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Figure 4.9 (A, B, C) shows a general reduction in clusters/locations recorded in the CBD, North and
South Auckland during lockdowns compared with the baseline. To delve deeper into changes,
percentage differences between time baseline & AL4 and AL4 & AL3 were calculated. In Figure 4.10,
blue signifies a reduction in the number of clusters recorded in the data zone, red signifies an increase,
and white corresponds to no change (such as on Rangitoto/Motutapu Islands (Figure 4.10 (1)).

Many differences are visible between baseline and AL4. Some include Waiheke Island, a popular
tourist destination and home to a permanent population of >9000 (Figure 4.10 (2)). Stay-at-home
orders and a reduction in the frequency of public transport ferry services would increase the numbers
of people working from home, contributing to the increased number of locations (RIMU, 2019).
Similarly, reduced public transport could account for higher percentages at the end of Whangaparaoa
Peninsula (Figure 4.10 (3) and in residential Eastern Bays, Maraetai, and Beachlands which may relate
to Gulf Habour, Half Moon Bay, and Pine Harbour (Figure 4.10 (3)) (Christie., 2022).

Another observation is multiple regional parks show significant increases of >66% in recorded clusters
during AL4 compared with baseline, a trend that continued to increase in AL3 (Figure 4.10). These
include in West Auckland (Figure 4.10(4)) in the Waitakere Ranges, Awhitu Regional Park (5), Hunua
Ranges (6), Omana (East Auckland, 3), and Mahurangi Regional Park (North Auckland: outside of the
map extent). Regional parks remained open for recreational activities and exercise during AL4 (see
range of restricted activities in Appendix 1). Increasingly, data zones located along the coastline
containing beaches and coastal walkways used for recreation, like on the North Shore (7) and Central
Auckland’s Tamaki drive/Mission Bay (8), also increased in AL4 and AL3. The data zone containing
Auckland Airport (9) shows a reduction in visits during both AL4 and into AL3. Reductions were
expected as flights frequency reduced, and government mandates restricted non-essential travel.
Similarly, it was expected that fewer clusters/locations would be recorded in most data zones in the
CBD (10) as workplaces, educational facilities, and retail closed. The exception is data zones
containing a supermarket (an essential service), Symonds Street near university student
accommodation, and along Tamaki Drive/Mission Bay (8).

Finally, comparing changes in the number of clusters in suburban areas from AL4 to AL3, there is a
slight reduction in the number recorded, as workplaces reopened in commercial/industrial areas and
the CBD. Visually this is evident in areas such as the North Shore (Figure 4.10(11)) (except light
industrial/commercial areas) and South Auckland (12) in Mangere and Manukau near many
distribution and shipping areas (Figure 4.10).
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Figure 4.10 Percentage change: number of clusters by recorded location. On the left is baseline > AL4 (week one of lockdown) and right is AL4 > AL3.
1= Rangitoto Island. 2= Waiheke Island. 3= Whangaparaoa/Shakespear Regional Park. 4= Waitakere Ranges. 5= Awhitu Regional Park. 6= Hunua Ranges
7= North Shore Coast. 8=Tamaki Drive/Mission Bay. 9= Auckland Airport. 10= Auckland CBD. 11= Suburban North Shore. 12= Mangere/Manukau. 13
= Pine Harbour, Beachlands, Omana Regional Park
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4.3 Changing land use visitations
During the pandemic, Google mobility reports were frequently publicized within media, with charts
used to display changing visitation patterns to different land-use types (retail and recreation,
supermarket and pharmacy, parks, public transport, residential and workplace) (OurWorldinData,
2021; Google Mobility, 2021). In Figure 4.11, percentage changes in visits to key land use areas (based
on unitary plan classifications) are compared to the baseline. Clearly, in lockdown (AL4), there is an
increase in visits to locations within residential areas, with almost 40% increase (from 48.31% 66.96%). Business areas showed a large reduction of nearly 50% percentage points from 10.49%5.43%. Public open space shows over 50% reduction from (9.26% -> 4.51% of total). As restrictions
were reduced in AL3, the percentage shifted slightly but did not return to the baseline levels.
60%

General

Business

Residential

Rural

Time period

Pre AL3

Public Open Space

% change from Baseline

40%
20%
0%

-20%
-40%
-60%
Pre AL4

AL4

AL3

Figure 4.11 Percentage change in significant locations per land use classification. The grey bar at 0%
represents no change from baseline. Similarly to Figure 2.3, during AL4 residential increases, while
all other reduced. Once a reduction in restrictions was announced during Pre AL3, recovery to baseline
began.
4.4 Metrics
In section 2.4.2 mobility metrics were introduced to understand the collective movement from
aggregated data. The results are displayed in summary statistics tables, boxplots as averages for the
Auckland region and deprivation quintiles. Maps to visualise differences throughout the city were
created, with baseline, AL4 and AL3 provided in text, with Pre AL4 and Pre AL3 available in the
appendices.
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4.4.1

Changing distance travelled

In earlier sections, changes to the number and types of locations visited were investigated. Here, the
distance to reach these locations is compared, showing COVID-19 lockdown interventions' impact on
movement using two metrics. First, H_dist, which measures the spherical distance between points.
H_dist was measured as the distance travelled per week and between the phones' five most visited
clusters (significant locations). As discovered for most metrics, the highest median travelled distance
(353.91 km/week) was observed during baseline (Figure 4.12, Table 4.6). As Government mandates
on movement increased, the distance covered fell to 27.14km/week in AL4, a 92.3% drop. During the
final week of the strictest lockdown restrictions (Pre AL3), H_dist rose to 35.95km/week, then
93.77km/week during AL3. However, this is still a 73.5% reduction in the overall H_dist compared to
baseline conditions. There are some outliers within the sample, with the maximum H_dist peaking in
AL4 may represent an essential traveller moving through the city.

Figure 4.12 Changing H_dist over time in total kilometres travelled per week.
Table 4.6 Summary statistics: H_Dist in kilometres per week
Maximum

Median

Mean

Skew

Std Deviation

Baseline

5595.27

353.91

459.18

2.21

440.35

Pre AL4

6629.95

222.38

318.72

2.89

349.01

AL4

11770.54

27.14

94.49

12.21

223.31

Pre AL3

7969.16

35.95

101.38

8.12

198.36

AL3

4036.92

93.77

207.31

3.41

310.26

Additional analysis on H_dist per phone per day investigated changes in the days leading up to AL4
(Figure 4.13). Weekday/weekend variation identified in the number of points recorded ( Figure 4.3)
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are again present, likely due to reduced commuting to workplaces. As the week progressed, the median
distance covered gradually reduced prior to the first day of lockdown to drop massively when the
lockdown started.

Figure 4.13 H_dist per day during the establishment of the alert level system between Friday 19th
March 2020 and the first day of lockdown beginning on Thursday March 25th
In gravity and mobility laws, it is widely accepted that we travel to close-by locations more frequently
and (re)visit distant places less (section 2.1.2) (McCulloch et al., 2021; Pappalardo et al., 2016). In
Figure 4.14 these laws are visible in practice, with the most frequented location (higher number of
points) being located closest to the common night-time locations (as the number of points decreases,
the distance travelled to reach it increases). In AL4 lockdown, the distances travelled to reach the top
four locations are geographically closer to common night-time locations than baseline and show less
variability in the distance. These reductions combined with fewer locations visited suggests individuals
broadly adhered to health advice to remain in their neighbourhood and only travel for essential
purposes.
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Figure 4.14 Aggregated H_dist between common night-time location and the following four largest
(most recorded points) locations. During baseline more variation in distance is visible compared to
AL4 and AL3.
The second distance-based metric: maximum distance from home, shows similar trends with a
reduction in distance from 16.8km during baseline to 2.13km in AL4 (Figure 4.15, Table 4.7).
Maximum distance does not necessarily reflect a trip between home and employment (or education)
and could refer to a recreational trip. Changing trip purpose could account for this drop, with data from
Stats NZ’s (2018) estimated average commuter length of 11.6km, a similar result to the baseline. While
in AL4, working from home would reduce commuting distances, changing the destination at the end
of the maximum distance calculation. It is likely for non-essential workers, during lockdown the max
distance travelled will be for essential goods and services such as the supermarket. The AL4 result of
2.13km travelled align closely to Hobbs et al. (2021) estimated median distance to supermarkets and
fast-food calculation of 1.42km (in 2015).

75

Figure 4.15 Maximum distance from "home" using Sci-Kit Mobility (2021) individual mobility
metrics.
Table 4.7 Summary statistics: Max distance from home in kilometres
Time

Maximum

Median

Mean

Skew

Std Deviation

Baseline

141.04

16.84

22.29

1.65

19.89

Pre AL4

149.99

13.39

17.92

1.93

17.25

AL4

140.24

2.13

5.73

3.50

9.33

Pre AL3

138.83

2.93

6.62

3.27

9.95

AL3

148.43

7.04

11.73

2.29

14.03

To investigate variation in distances travelled for individuals/phones whose night-time locations
corresponded to different deprivation areas, summary statistics were created, and presented in Table
4.8. The highest value is highlighted red and lowest in blue. Outside of COVID-19 restrictions, phones
from low deprivation areas travel the furthest per week except in lockdowns, where phones from high
deprivation areas travel further. Specifically, for total H_dist per week during baseline, phones with a
common night-time location within Q1 data zones display the highest median distance at 384.97km
compared with Q5 at 313.62km. During AL4 lockdown, Q1 continues to have the highest median,
with a significant drop compared to baseline at 29.43km during AL4. The medians range from 25.32km
to 29.43km, a difference between lowest and highest of 5km. In AL3 this range increases to 17km
difference with Q5 equal to 107.88km compared to the Q1 90.19km.

Literature states that rural populations often travel further to reach facilities than urban populations
(Stats NZ, 2020b). Inversely individuals within the CBD are likely to have short commutes to reach
employment and educational facilities more densely concentrated closer to their home locations
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(Auckland Transport., 2020). Variation between geographic areas was visible for both total H_dist
travelled and maximum distance from common night-time location during baseline conditions with
lighter areas representing lower distance travelled located throughout central Auckland and the CBD,
and parts of the North Shore/South Auckland, and darker high distance areas in West Auckland and
rural areas (Figure 4.16 and Figure 4.17). In both maps, there are outliers in Penrose, Favona , and
Auckland Airport located in South Auckland in high commercial/industrial land use areas (Figure 3.5)
with airport-related infrastructure, supermarket distribution centres, courier depots, Metroport (Ports
of Tauranga shipping and container cargo terminal), and a waste transfer station (Figure 4.16 (1). For
maximum distance from home, offshore islands, including Waiheke, show high values, due to
commuters using frequent ferry services between Waiheke (with a permanent population of over 9000
people (Stats NZ, 2019) and Auckland CBD during baseline for employment (Figure 4.16 (2)).
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AL3

Pre AL3

AL4

Pre AL4

Baseline

Table 4.8 Summary statistics by quintile H_dist (left) and max distance by home location (right). Red shading represents the highest value, with blue for
lowest. During baseline Q1 show much higher movement than Q5, which switches during AL4.
Q
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5

Max
5595.27
4266.45
4122.66
3764.71
5343.13
4897.70
4423.60
3419.90
5163.14
6629.95
4517.21
4181.96
3008.23
11770.54
4274.26
4240.10
2569.83
2680.27
4672.92
7969.16
3842.55
3631.41
3617.63
3207.04
4036.92

Median
384.97
342.86
354.65
339.48
313.62
229.91
222.03
222.59
213.06
214.40
29.43
25.81
25.35
25.32
27.47
37.42
33.36
35.75
35.42
37.32
90.19
84.66
95.43
98.25
107.88

Mean
470.39
449.83
470.50
460.62
435.09
317.71
310.08
326.31
326.21
316.84
81.79
89.37
95.23
104.73
116.75
90.81
92.75
104.81
110.39
122.74
190.52
192.32
218.61
223.01
234.19

Skew
2.17
2.03
2.03
2.09
2.81
2.60
2.55
2.38
3.01
3.88
8.22
6.60
4.95
19.69
5.64
6.38
5.01
4.64
6.60
11.37
3.32
3.45
3.35
3.26
3.35

Std Dev
410.33
427.98
454.50
466.00
470.33
322.42
330.79
356.04
383.12
380.90
180.18
195.38
200.76
310.66
257.73
158.12
172.31
193.12
228.74
268.61
274.25
286.95
329.86
340.21
350.04

Max
136.38
138.44
141.04
130.11
129.07
149.99
125.48
139.23
135.32
128.81
106.51
92.89
140.24
102.75
97.50
82.54
111.53
138.83
119.13
88.95
112.93
148.87
142.87
118.58
134.29

Median
17.63
16.33
17.41
16.29
15.94
13.74
13.14
13.51
13.11
13.34
2.05
1.98
2.07
2.24
2.56
2.82
2.67
3.04
2.97
3.62
6.53
6.59
7.06
7.53
8.47

Mean
23.84
21.73
23.23
21.11
20.05
18.48
17.48
18.45
17.29
17.46
5.21
5.42
5.91
6.08
6.68
6.08
6.07
7.11
6.85
7.75
11.39
10.88
12.48
11.77
12.76

Skew
1.44
1.63
1.67
1.76
1.96
1.82
1.90
1.94
2.09
2.03
3.59
3.11
4.09
3.26
2.98
3.01
3.41
3.66
3.30
2.59
2.19
2.25
2.45
2.17
2.23

Std Dev
20.58
19.55
21.17
18.88
17.94
17.49
16.76
17.91
16.96
16.91
8.52
8.64
10.22
9.75
10.21
9.06
9.12
11.09
10.29
10.85
13.93
12.82
15.41
13.65
14.45
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Figure 4.16 H_dist is the sum of distance between points each week. Each map is aggregated to median
per common night-time location data zone. Pre AL3 and Pre AL4 are in Appendix 8
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Figure 4.17 Median max distance from home. Baseline, AL4, AL3. Pre AL4/3 in Appendix 9
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4.4.2 Changing spatial coverage (MCP + ROG)
The second group of metrics explore changing spatial coverage using ROG and MCP (introduced in
section 3.5). These metrics helped understand whether phones from certain neighbourhoods travelled
further in lockdowns. The ranges of ROG and MCP show similar patterns (Figure 4.18, Figure 4.19)
with an expected gradual decrease in kilometres covered during Pre AL4 and AL4 compared to
baseline, as most workplaces shifted to online working. For both metrics once restrictions lessened in
Pre AL3 and AL3, the distance covered, and spatial coverage size increased.

Looking at the summary statistics for ROG first, the median in the baseline is 4.55km Table 4.9),
dropping to 0.28km in AL4. The AL4 median is low – suggesting phones stayed within their location
neighbourhood (particularly in areas with easy access to resources such as supermarkets).
Alternatively, phones did not leave their common night-time location - in line with reducing numbers
of clusters (Table 4.3), reducing maximum distance from home, and H_dist between clusters 0 and 1.
Outliers are evident with maximums between 38-48km, likely representing essential workers or rural
populations who need to travel further distances to reach services.

Figure 4.18 ROG per week. The decrease during AL4, and slow recovery from Pre AL3 onwards is
present in all metrics results.
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Table 4.9 Summary statistics: ROG in kilometres
Maximum

Median

Mean

Skew

Std Deviation

Baseline

47.30

4.55

5.76

1.69

5.06

Pre AL4

46.19

3.41

4.66

2.06

4.69

AL4

45.81

0.28

1.33

4.19

2.67

Pre AL3

38.09

0.44

1.60

3.68

2.90

AL3

46.44

1.47

3.05

2.56

4.15

MCP reduction shows similar trends to ROG, even though the method for measuring the size covered
differs (radius distance in km vs. area covered in km2). At baseline, the median is 97.77km2. During
AL4, a significant reduction occurred down to 1.16km2 (Table 4.10). Like other metrics, the spatial
extent covered rose slightly in AL3 to 2.20km2. One reason for such a drastic drop from baseline
beyond COVID-19 restrictions is how the area is calculated. By creating a bounding polygon around
points, outliers (such as one-off trips to distant locations) have more impact. Area will also increase
with more locations visited. This means if a phone only moved between a common night-time location
and a supermarket, for example, the polygon would be slim and long (covering a small distance),
compared with an MCP with two or more dispersed stop locations. Whereas in ROG, the frequency
and distribution of points measure the radius away from the centre of mass.

Figure 4.19 MCP area in square kilometres per week.
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Table 4.10 Summary statistics: MCP
Time

Maximum

Median

Mean

Skew

Std Deviation

Baseline

4380.99

97.77

229.11

3.35

353.88

Pre AL4

3258.82

57.39

158.85

3.60

270.88

AL4

3091.59

1.16

27.00

10.46

101.22

Pre AL3

3336.59

2.20

33.16

10.18

112.60

AL3

4291.54

12.58

85.56

5.52

197.80

Earlier in the methods section 3.6 differences between metrics values for deprivation quintiles were
statistically tested. During all five weeks ROG displayed statistically significant variations between
quintile groups (Table 3.7). By contrast MCP only showed significant differences between quintiles
prior to lockdown, but not in AL4 (p = .164), Pre AL3 (p = .173), or AL3 (p = .215). This means that
during lockdowns there is no longer a significant difference between mobility behaviour in areas with
different deprivation levels. Variations between deprivation groups were tested (Table 4.11). Looking
at median, in baseline Q1 phones show the highest values for both metrics, with ROG of 4.82km, and
MCP of 111.09km2, while Q5 phones (most deprived) show the lowest values at 4.27km and 79.47km2.
For ROG as lockdowns intensified in AL4, Pre AL3 and AL3 the highest median value switched from
Q1 (Less deprivation) to Q5 (more deprived) phones.
Rural data zones have the highest neighbourhood coverage during baseline for both ROG (Figure 4.20)
and MCP (Figure 4.21). This is expected with rural populations needing to travel further distances to
reach destinations like supermarkets. During AL4, drop significantly with all values within the lowest
legend class (ROG under 2km and MCP under 50km2) Due to this, more maps were made on a smaller
scale (Figure 4.21). Rural areas remain in the highest classes. However, the results from urban areas
show some variation when comparing lower deprivation North Shore with predominantly higher
deprivation South Auckland (Figure 4.1). Many areas within South Auckland have high coverage,
suggesting the phones travelled outside of the neighbourhood with more dispersed locations. Higher
results in South Auckland and the slightly higher number of locations recorded in Table 4.5 support
the hypothesis that many essential workers are based in higher deprivation areas. During AL3 (Figure
4.20 and Figure 4.21), rural areas and sporadic datazones throughout the CBD (though most obviously
in South and West Auckland) had increased mobility.
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Q
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5

AL3

AL3

Pre AL3

AL4

Pre AL4

Baseline

Table 4.11 Summary statistics by quintile: ROG and MCP with highest value highlighted in red, and lowest in blue
Max
40.24
45.11
47.30
37.07
34.05
38.77
45.48
46.19
42.04
37.02
27.16
26.74
45.81
38.09
30.41
33.54
29.08
36.45
38.09
31.35
30.61
40.70
39.64
36.09
46.44

Median
4.82
4.51
4.61
4.38
4.27
3.44
3.34
3.54
3.30
3.41
0.28
0.26
0.26
0.30
0.32
0.43
0.40
0.44
0.47
0.56
1.32
1.36
1.46
1.63
1.82

Mean
6.00
5.60
6.04
5.57
5.33
4.71
4.55
4.89
4.54
4.57
1.15
1.26
1.40
1.46
1.61
1.44
1.46
1.69
1.66
1.98
2.91
2.83
3.24
3.11
3.41

Skew
1.51
1.70
1.80
1.69
1.77
1.99
2.09
2.12
2.09
1.95
4.20
3.74
5.08
3.76
3.28
3.81
3.60
3.99
3.67
2.98
2.53
2.56
2.66
2.44
2.43

Std Dev
5.01
4.92
5.50
4.99
4.82
4.65
4.55
5.00
4.62
4.60
2.33
2.48
3.04
2.82
2.91
2.67
2.63
3.18
2.90
3.31
4.07
3.81
4.54
4.07
4.35

Max
3598.86
4138.59
4010.25
4380.99
2621.82
3258.82
2901.78
3236.09
2649.02
2460.35
3017.60
1664.62
3091.59
2315.74
2027.46
1782.79
2614.56
3312.87
3336.20
2042.00
2211.53
2496.24
4291.54
4034.66
2338.36

Median
111.09
95.69
101.74
91.45
79.47
61.04
58.82
59.92
53.81
48.42
1.37
1.05
1.07
1.08
1.09
2.53
1.97
2.11
2.04
2.19
11.90
11.58
12.88
13.39
14.62

Mean
252.39
222.02
244.07
220.83
182.38
164.14
155.41
168.90
157.54
141.89
21.71
25.44
31.02
29.31
32.58
28.03
28.38
38.44
37.72
39.54
80.18
75.88
98.38
90.99
89.55

Skew
2.95
3.44
3.33
3.91
3.22
3.65
3.63
3.57
3.47
3.48
13.74
8.18
10.87
8.79
8.00
7.13
10.03
10.69
10.46
7.46
4.69
5.05
6.08
5.87
4.51

Std Dev
368.50
345.32
384.32
352.15
285.90
274.06
262.63
289.93
273.62
247.01
81.94
88.51
126.96
102.63
114.98
84.19
93.82
138.49
136.32
124.04
178.64
171.18
234.03
220.80
196.39
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A

B

C

Figure 4.20 ROG median per data zone. In the middle map (B) the scale is different to show patterns
more clearly. Additional maps for Pre AL4 and Pre AL4 are available in Appendix 10
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A

B

C

Figure 4.21 MCP. B is displayed at a different (smaller) scale in three equally sized groups, to show
areas with high, medium and low movement. Appendix 11
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4.5 Results overview
There is a change in all mobility metrics (number of locations, distances travelled, and spatial
coverage) throughout the results section following the introduction of the New Zealand Government’s
COVID-19 alert level framework (Table 4.12, Appendix 2). All metrics display a reduction exceeding
72% (up to 98.9%) from baseline conditions in early March to AL4 (late March). Following reductions
in the intensity of restrictions, movement levels increased, with shops reopening, increasing the
number of locations and commuters. Though the reduction in AL3 is still 54.5% of baseline. Next, in
the discussion, the potential reasons behind mobility changes are discussed with reference to
international findings. Particular focus was placed on changes between low and high deprivation
neighbourhoods to address objectives outlined in section 1.2. The discussion finishes with a judgment
on the mobile phone location data as a data source for mobility research with associated limitations
and further research opportunities.

Table 4.12 Overall metrics results as percentage change from baseline. Additional percentage change
maps are provided in Appendix 12-17 for each metric to compare changes in specific neighbourhoods.
Mobility metric

Percentage decrease

Percentage decrease

baseline > AL4

baseline > AL3

Number of significant locations

72.7%

54.5%

H_dist

92.3%

73.5%

Max distance

87.3%

58.2%

ROG

93.8%

67.7%

MCP

98. 9%

87.1%
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Chapter 5 : Discussion
The results in results confirm a reduction in the distance travelled, number of significant locations
visited, and spatial coverage of selected mobile phones in Auckland, New Zealand, during 2020
COVID-19

lockdowns.

This

suggests

government-mandated

mobility

restrictions

and

recommendations to remain in our local neighbourhood were generally adhered to. This chapter
expands upon the results section to answer the three research objectives. Strengths and limitations of
this research are then covered, including the potential for further studies using mobile phone location
data, and developing further the methodological framework.
5.1. Objective 1: “To determine the extent to which population mobility changed during lockdowns
in 2020”
To address the first research objective, mobility metrics were calculated for mobile phone data
obtained from UberMedia to quantify spatial and temporal variations for the period between March
and May 2020. In the days immediately preceding the move into Alert Level 4 (Pre AL4), the
Government recommended individuals over 70 years old, or with underlying conditions to stay at home
(Unite Against COVID, 2020). They also recommended that businesses should transition to working
from home where possible and everyone should reduce non-essential travel (Unite Against COVID.,
2020). This recommendation was broadly followed, demonstrated by a gradual reduction in movement
observed for all mobility metrics and mobility overview, as Government restrictions were
implemented/came into effect (3.5) (Campbell et al., 2021). Once AL4 began, a large drop in
movement occurred, with the Government recommending that trips be limited to travel for essential
and commuting purposes only (Unite Against COVID, 2021b; New Zealand Doctors, 2022). Baker et
al., (2020b) suggest the strict lockdowns contributed to the elimination of COVID in 2020. However
once case number reduced, and the end of AL4 was publicly announced (during Pre AL3), mobility
increased slightly, aligning with research by Joshi and Musalem (2021) that the compliance to mobility
mandates drops as fatigue and fear of disease reduces (Hu et al., 2021a; Li et al., 2021). The gradual
recovery of movement observed during AL3 as some limited shops and services reopened, but not to
baseline levels, was broadly consistent with experiences reported in the international studies (like Gao
et al., 2021; Long & Ren., 2022) and transportation data (Christie, 2020; Waka Kotahi, 2021). Issues
such as anxiety and fear of COVID-19, along with increasing working from home contribute to the
slow recovery and return to the CBD (Figure 4.9) which has economic implications for businesses
such as cafés, and takeaways, which would experience reduced number of customers (Bonaccorsi et
al., 2020; Gao et al; 2022; Martin et al., 2021).
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Compliance with the Government recommendations was a common topic of interest, in the media and
research (such as Clark et al., 2020; Hu et al., 2021; Yechezkel et al., 2021). To test how compliant
people in Auckland were during the lockdowns, the first (AL4) and last weeks of lockdown (Pre AL3)
were also compared, and revealed increases in all mobility metrics and the number of significant
locations during the final week of AL4 (4.3, 4.4). Nguyen et al. (2021) suggest that lockdown fatigue,
a state of exhaustion and emotional distress caused by prolonged COVID-19 restrictions, may affect
compliance (Australian Psychological Society, 2020). Lockdown fatigue could be particularly
problematic in Auckland, which experienced over a month in lockdown and more than ten days without
new COVID-19 cases recorded, further reducing the fear of disease transmission. Overseas compliance
to lockdowns has dropped as the duration extended (Drake et al., 2020; Joshi & Musalem., 2021;
Shearston et al., 2021). Alternately increase in movement could be due to the Government eased
restrictions, which allowed essential workers to return to workplaces prior to the start of AL3, to
prepare for during Pre AL3 (Unite Against COVID, 2019b). Finally, to support the argument that
compliance in Auckland was high, Exploratory Data Analysis (EDA) in 4.1 found that the percentage
of points recorded within the common night-time locations rose from a median of 83% to 87.7% in
AL4 (Table 4.4). This means most phones in the dataset did not have any locations outside of their
common night-time location (a proxy for home). In this research DBSCAN clusters were reported as
significant locations, and represented stops at workplaces, shops, recreational and education facilities.
The median number of significant locations dropped from 11 to three (Table 4.3) meaning Aucklanders
visited fewer locations during lockdown.

The extent of mobility reductions in New Zealand is greater than seen internationally, which aligns
with the more stringent approach the Government took (Baker et al., 2020b, Gargoum & Gargoum.,
2021; Hale et al., 2021; Jefferies et al., 2020). Before comparing results and the proposed reasons
behind any changes in other countries versus New Zealand, there are some caveats to consider. Firstly,
climate and seasonality (particularly in northern hemisphere countries) could impact international
studies results, with bad weather conditions and winter being known contributions to reduced mobility
as well as the spread of COVID-19 (Yechezkel et al., 2021). Often researchers compare New Zealand
and Australia due to their similar climates, political systems, and close geographic locations. During
COVID-19, Australia took a different approach to Government mandates with less stringent
lockdowns (Figure 2.3) enforced later in response to high case numbers (Wahlquist, 2020). Barbieri et
al. (2021) found that working from home rates during COVID-19 averaged at 88% nationally in
Australia, with decreases in trips using subways/tram public transport and private cars, similar to in
Auckland (Christie, 2020; Waka Kotahi, 2021). Adams et al. (2020) compare changes in driving and
walking behaviours between Auckland and Sydney, Australia finding more variability movement in
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Australia, where percentage change varied ~20% between days rather than the consistent drop
observed in Auckland. In both Australia (Munawar et al., 2021) and New Zealand, reductions in visits
to recreational places and workplaces were evident in Google mobility reports (Figure 2.3) and in
Figure 4.11 for Auckland. Finally, Zachreson et al. (2021) found inequalities in the inability to adhere
to lockdown were present in Australia for low-income areas, which was also evident in areas of higher
deprivation in Auckland.

Mobility metrics results in 3.5 are presented as percentage change from a baseline, to make
comparisons between studies. It would be inaccurate to compare raw values, such as distance travelled
in kilometres between case studies due to the impact of different population densities, urban sprawl,
and urban/rural compositions. More importantly, government policies overseas differ significantly, as
shown in Oxford stringency index results (Figure 2.1) (Hale et al., 2020. Ritchie et al., 2020). Countries
with more relaxed restrictions and enforcement of ‘lockdowns’ overseas will have contributed to New
Zealand showing significantly higher percentage reductions in mobility than overseas studies
(Gorgoum & Gorgoum., 2021). Lucchini et al. (2021), used semantic enrichment of mobile phone
locations with DBSCAN and OpenStreetMap points of interest (POI) data and identified reductions in
visits to POI ranging between 55% and 69% in four American states (Arizona, Kentucky, New York,
and Oklahoma, USA). Trips to specific POI were not tested in Auckland in this thesis, although the
reduction in visits/stops at significant locations reached 72.7% in AL4 (Figure 4.11). Visits to key land
use types differed during lockdowns as well, with Li et al reporting that in New York trips to food (75%) and other services (-56%) compared to -90% for Auckland based on Google mobility reports
data (Figure 2.3) and -40% to (all) business-related land use classes in general (Figure 4.11). Lucchini’s
research found similar land-use changes, observing a reduction in visits to business, workplace, and
other POI locations, alongside increasing residential trips. Once Government mandated restrictions
eased, the frequency of trips and overall mobility increased, however a reduction of -28% from baseline
conditions prior to COVID-19 was observed, similarly to Auckland results (Lucchini et al., 2021).

Even when stores began reopening in AL3 (and post lockdowns overseas), there was hesitancy to
return to particular spaces, with many workplaces promoting extended working from home (Christie.,
2021; Elarde et al., 2021; Kramer & Kramer., 2020). This was seen in Auckland, with public transport
experiencing a slow return to service and statistically significant differences in number of significant
locations (Figure 4.6)(Waka Kotahi., 2021). In a Waka Kotahi (NZ Transport Agency) public survey,
prior to COVID-19 alert levels 58% of participants (n=3759) would travel outside of the home to work,
dropping to 15% in AL4 (3rd – 8th April), and 21% in AL3 (30th April – 3rd May) (Christie, 2021, Waka
Kotahi 2021). Prior to COVID-19 only 9% of respondents worked from home rising to 47% in AL4.
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In Table 4.3, the median number of significant locations dropped to 3. Locations such as home are
expected, along with trips for essential goods. This aligns with survey response, with only 18% of
respondents not leaving their house for any reason, while 63% travelled for essential trips (e.g.,
healthcare, caring responsibilities or shopping), 12% for essential work, 6% visited friends or family,
and only 1% moved around as usual. This numbers rose slightly (as did the number of locations to a
median of 4) in AL3 with 54% for moving for essential goods, 15% traveling to “collect things I had
purchased, or travel within my region”, and 14% not leaving home (Christie, 2021). Travel mode also
altered, with public transport dropping from 21% to 5% in AL4 and to 7% in AL3. Limited public
transportation options (scheduling frequencies and routes), and fear of catching COVID-19 would have
contributed to these changing distance and number of trips observed (Conrow et al., 2021, Christie,
2021).

Globally, there have also been changes in the observed distances travelled during lockdown (Gao et
al., 2020; Campbell et al., 2020; Dahlberg et al., 2020; Hu et al., 2021a). In London, UK during the
first lockdown (April 2020), a ~75% reduction in distance travelled was observed from Facebook data
(Jeffery et al., 2020; Shepherd et al., 2021). This result reported for changes to distances travelled
throughout the UK is lower than the 93% total H_dist reduction calculated for Auckland in this study,
which may likely be due to less imposing government mandates in the UK (Figure 2.1) (Hale et al.,
2021; Shepherd et al., 2021). In a US-based study Gao et al. (2019) investigated reductions in distances
travelled from home in New York and found that the median peak reduction was 73%, compared to
87.3% in New Zealand, with an upward trend of increasing travelled distances as shops reopened. In
Sweden, a country with a considerably less restrictive government approach to COVID-19, changes to
mobility were limited, with only a 38% decrease in the maximum distance travelled (Dahlberg et al.,
2020). However, similar reductions in visitations to commercial and industrial areas were seen locally
with a 33% drop compared with Auckland’s ~40% drop in AL4 (Figure 4.11). Research into changing
spatial coverage in response to lockdowns includes Long and Ren’s (2022) study in Canada, finding
an average reduction in ROG of 50% from baseline conditions (93.8% in New Zealand)(Figure
4.18/Table 4.12). In the UK, ROG reduced around 80% following the encouragement of working from
home in April 2020 (Santana et al., 2020). While in Italy, ROG decreased by 50% in one study (Pepe
et al., 2020) and 70% in another (Gauvin et al. 2021). Finally, ROG reductions ranged from 40-60%
(on weekdays) in the USA (Klein et al., 2020). Changes to MCP and “home range” are less commonly
published, with Kato et al. (2021) finding in Osaka, Japan, MCP reduced 50% compared to a baseline
in 2019, with the authors suggesting individuals only travelled for necessities. Aligning with changing
trip purpose findings elsewhere (such as Kramer & Kramer., 2020) and changes to destinations found
in Figure 4.11)
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An alternative metric, the daily mobility index defined as:
𝑛

𝑃𝑜𝑝𝑘𝑖 − min(𝑃𝑜𝑝𝑘)
1
𝑀𝐼𝑘 = ∑(
)
𝑛
min (𝑃𝑜𝑝𝑘 )
𝑖=1

to measure change in population per region (k) on a hourly (i) scale using the difference in maximum
hourly population count (Popki) and minimum daily population (min(Popk)) was used in one New
Zealand-based study (Campbell et al., 2021). This metric was appropriate for hourly aggregated
cellular call data sets (records of the number of cell phones connecting to each cell tower), retrieved
from mobile phone operators such as Vodafone and Spark. Campbell et al. (2021) calculated this metric
using 7.45 million rows of mobile phone locations provided by Stats NZ Data Ventures (2020). They
used the SA2 geographic unit to report local variations, with a higher number of individuals/area per
areal unit (between 2000-4000 in urban areas) (Data Ventures., 2020) than the data zones used in this
thesis. Additionally, they used a different index of deprivation (NZDep2018 rather than IMD18),
however there is a strong concordance between the two measures (Exeter et al., 2018). Regardless of
methodological and data source differences, Campbell et al. (2021) and Data Venture’s (2020) findings
align with the results presented in this thesis that a substantial reduction in movement occurred when
AL4 began, with gradual increases in the week proceeding AL3. This thesis extends beyond Campbell
et al.’s (2021) method providing a framework for cleaning and semantically enriching mobile phone
data on a finer scale than can be achieved using cellular call data. The use of added land use data
sources along with socioeconomic deprivation helps to understand the destinations and reasons for
movement, which is not addressed by Campbell et al, (2021). Finally, this thesis used multiple metrics
to quantify distance, and spatial coverage, building a wider picture of changes beyond count-based
population differences.
The -40% percent change in trips to “public open space” found in this research (Figure 4.11) was not
as large as the reduction in “park trips” Google Mobility reports (-75%) (Figure 2.3). This is due to
slight variations in the trip purpose classification methods used. For example, libraries and public pools
were only classified as “public space” in Auckland Council unitary plans (used in this thesis) but not
in Google Mobility Reports “park trips,” which also included marinas, plazas, and public gardens.
Nevertheless, the reduction in trips to outdoor recreational spaces is large, likely due to fear of disease
transmission and unequal distribution of parks throughout the city, limiting access to open spaces
(particularly in high-density residential and industrial zones). It is noted that some Auckland regional
parks showed an increasing number of clusters between Baseline and AL4, and AL4>AL3. However,
regional parks are often rural, which limits access for some population groups (e.g., without a car,
elderly, or disabled populations) (Figure 4.10).
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5.2 Objective 2 “To investigate the spatial/socio-demographic variations in these patterns”
Mobility metrics outputs were tested based on phone common night-time location deprivation quintile.
Both this research and Campbell et al. (2021) found before lockdown (during baseline conditions),
phones from low deprivation Q1 areas travelled more (Table 4.5, Table 4.8, Table 4.11). While in
lockdown, this trend flipped with phones from Q5 high deprivation areas having significantly more
movement (and further distances (4.2)). This may prove that people who are essential workers
disproportionately live in more deprived neighbourhoods aligning with findings in Israel (Yechezkel
et al., 2021), Colombia (Dueñas et al., 2021), Italy (Bonaccorsi et al., 2020; Gauvin et al., 2021) and
numerous other countries. In Fraiberger et al. (2020) high socioeconomic status groups in three
locations (Mexico, Colombia, and Indonesia) had more than double the reduction in mobility compared
with more deprived low socioeconomic status groups. Relating back to Auckland, Table 4.8 showed
that total H_dist during baseline differed significantly with phones from lower deprivation Q1 area
travelling 470.39km, over 35km (~8%) further than phones from high deprivation Q5 area (435.09km).
In AL4, this flipped with Q5 travelling 35km further. Maximum distance travelled showed this trend
as well, with Q5 phones travelling nearly 25% further during AL4 (mean of 5.21km versus 6.68km).
This difference in maximum distance will related to unequal access to food and essential services in
some areas and ability to work at home.
The phrase “staying home is a privilege” (Huang et al., 2021c) is evident during lockdown conditions,
with statistically significant differences in mobility metrics between deprivation levels and
neighbourhoods in Auckland, suggesting Government mandates were not equally experienced. This is
an issue that needs to be addressed by policy makers, with maps (Figure 4.8, Figure 4.16, Figure 4.17,
Figure 4.20, Figure 4.21) identifying some neighbourhoods which may require additional support to
reduce mobility during mandates. One potential reason for this is the spread and distribution of
essential workers and low paid employment is not equal throughout cities (Heroy et al., 2021; Lee et
al., 2021). Parker et al. (2021) state there is an overrepresentation of Māori and Pacific people working
in essential services, often in casualised, low job security roles, where redundancies and reductions in
hours during lockdown were prominent. For employees in industries such as transportation,
manufacturing, supermarket/food distribution the transition to working from home may not be possible
due to the specific roles (like driving), technological needs (computer and Wi-Fi), or suitable space at
home (e.g. many people sharing a room) (Henrickson, 2020. Kramer & Kramer., 2020; MBIE, 2020.
Parker et al., 2021). Within Auckland areas, South Auckland showed higher than expected number of
significant locations per area, suggesting hotspots of activity (Figure 3.8,Appendix 12). In particular
the airport, and transportation/infrastructure sites in higher deprivation areas such as Manakau, Favona,
and Panmure were impacted. Contrastingly areas of lower deprivation such as the North Shore, show
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lower overall mobility, and less hotspots of activity, suggesting the ability to work from home was
higher. This lines up with Ministry of Business Innovation and Employment (MBIE) data which found
disparities in working location by ethnicity. In 2020, Europeans showed the highest proportion of
“Working from home” and lowest of “Going to work” in comparison to Māori, Pacific, and Asian
people (there are large concentrations of Māori and Pacific in South Auckland). In addition, over
1,476,000 employees were unable to work (essential and non-essential) at all, particularly impacting
customer facing roles and tourism which Parker et al., (2021) suggest are more likely to employee
Māori and Pacific people (MBIE, 2020. May 15th). This socioeconomic divide is particularly
worrisome when combined with prior understandings of inequalities in health and increased risk of
complications and mortality for Māori and Pacific people during COVID-19 and other epidemics
(Jefferies et al., 2021). The methods used to semantically enrich mobile data using IMD18 could be
used in other research where demographic data is unavailable.

5.3 Objective 3: “To develop a framework good research design using big mobile phone location
services mobility data”
New sources of geolocated data are touted by companies such as UberMedia (Near), Quadrant,
SafeGraph and Cuebiq as new frontiers in geospatial research. However, the application, usefulness,
and specific methods to prepare big mobile phone location services data need to be considered. This
thesis provides a framework for research design using mobile phone data, which can be reproduced
using primarily open-source data sets, and software’s (Table 3.3, Appendix 4). Raw datasets are
typically noisy and meaningless before cleaning, with millions of rows of geolocated points; however,
the act of cleaning and pre-processing itself can alter results (Smolak et al., 2021). Raw mobile phone
data presents a number of challenges including a mixture of granularity and levels of accuracy, with
some phones recording high quality, almost continuous GPS trajectories, allowing for precise
identification of stops and, therefore, locations visited by individuals (Such as Figure 3.3). By contrast
many phones have very episodic and dispersed data points (Andrienko et al., 2012, 2015) due to users
infrequently using applications, or granting limited location permissions. To address this, inclusion
and exclusion criteria used in 3.2.1, Figure 3.4 were required to remove low user phones and increase
the accuracy of clustering algorithms. The data cleaning process is time and resource-intensive, with
different approaches leading to slightly different output. Open-source packages such as SciKit
Mobility provide code to identify 'home' location, using DBSCAN (Pappalardo et al., 2019). However,
when compared with the DBSCAN algorithm designed for this research, the results showed slight
variations in the geographic location. The differences in algorithms results (and the underlying
variation in GPS accuracy) may be minor in practice (generally <50 metres) but may cause carry-over
issues and misclassification of a data zone and associated deprivation classes. Aggregation to data zone
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neighbourhood scale polygons containing a population of 400-1000 people (Exeter et al., 2018)
reduces this issue and preserves individual privacy; however, there is no consensus on what scale this
should be used. In other studies, Long and Ren (2022) chose units with a population of between 500015,000 people, while Campbell et al. (2021) and Statistics New Zealand's Data Ventures (2020) use
SA2 (2000-4000 people). The choice of aggregation unit needs to be balanced between protecting
privacy, while finding patterns at a meaningful scale. Regardless of the areal unit selected, arbitrary
boundaries introduce the Modifiable Areal Unit Problem (MAUP) (Mills et al., 2022). Statistical bias
occurs, and the results for a given area can differ significantly when the shape and scale of boundaries
change (Smolak et al., 2021). This issue is not limited to mobile phone location data but can be
exacerbated by the availability of very high granularity datasets requiring privacy-protecting measures
like aggregation.
5.4 Strengths
This thesis used multiple mobility metrics in conjunction to understand the complex nature of human
mobility, exploring not only the population change (like Campbell et al., 2021) but also the changing
distances, spatial coverage, and types of destinations visited (4.4). Research into mobility in New
Zealand during COVID-19 so far has relied on Google mobility data or exploratory analysis of cellular
call data, which had limited depth and complexity. This thesis has moved beyond simple qualitative
analysis and media reports and found specific neighbourhoods and deprivation levels most affected by
restrictions. In addition, this thesis has investigated population mobility at a smaller scale than
previously studied in Campbell et al. (2021), Data Ventures (2020), and Google/Apple mobility (2020)
reports, investigating neighbourhood data zone scale, supplying more explicit comparisons between
areas.

The geo-visualisation of the results obtained from the mobility metrics for the Auckland region
provides for rapid interpretation of area-level changes the influence lockdown has on mobility (Tufte.,
1983). Another strength of this research is the development of systematic, spatial data framework and
open-source tools to transform messy big mobile phone location data into meaningful information.
Cleaning big mobile phone data is time-consuming, usually requiring coding and database
management skills. Instead, the code created in this research to clean and complete analysis could be
shared with other researchers and replicated in further case studies outside of Auckland. Moreover, the
spatial data framework could be used not only for COVID-19 research (which acted as a natural
experiment) but for any event which causes disruption to mobility such as natural hazards. Often in
GIScience, proprietary software such as ArcGIS is used, which requires a paid license, making
replication more difficult. In this research, QGIS, PostgreSQL, and Python are used, which are freely
available.
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Finally, this research combines GIScience, population health, and mobilities studies. It contributes to
understanding disaster preparedness and response, human mobility behaviour, socioeconomic
inequality in New Zealand. To date, there are limited studies into COVID-19 recovery in New Zealand,
an important and ongoing issue that have broader socioeconomic consequences. Confirming
compliance to lockdown restrictions was high, provides evidence to show human mobility response to
Government interventions which could support policy and decision making during the ongoing
pandemic. While illuminating the socioeconomic divide in movement could support new initiatives
and identify neighbourhoods/deprivation levels that require additional support. This raises questions
for urban planning, requiring further exploration into how we overcome inequality of access to
services, open space, housing and more equally distribute employment opportunities.
5.5 Limitations
There are some limitations in this study that could not be overcome using the chosen methods and data
type. Often issues of representativeness, GPS and clustering accuracy, ecological fallacy and limited
sample sizes are present in other human mobility and COVID-19 literature. Human mobility datasets
are typically not representative, and this is the case for mobile phone location data (Hu et al., 2021a;
Hu et al., 2021b). Mobile phone data often overrepresents younger, more technologically savvy
populations while excluding elderly, children, and homeless individuals who have opt-ed into location
tracking (Jeffrey et al., 2020; Lucchini et al., 2021; Shepherd et al., 2021; Xiong et al., 2020). Similarly,
Campbell (2021) suggest that representation is lower in areas of higher deprivation compared to less
deprived areas, perhaps due to access to smartphones, which can be expensive to purchase and use,
amplifying the digital divide. Our results confirm these issues of unequal representation. In Figure 4.2
areas classified as higher deprivation in Q5 show the lowest average number of phone home locations.
Accessibility to phones may be one reason; however other explanations include the age structure, with
some data zones having a higher proportion of children within the census population count (used in
normalisation during visualisation). As there is a lack of demographic information available from the
data source UberMedia, it is more challenging to accurately predict representativeness and infer
whether the results can be generalised to a broader population (Grantz et al., 2020; Lu et al., 2017;
Pospisilova & Nova., 2016; Potgieter et al., 2021). It is possible to buy some limited demographic
information alongside the geolocated data points (UberMedia, 2019). However, the information
supplied is a collection of inferred characteristics based on user profiling (places and applications may
be used by some demographic groups more often) or incomplete (UberMedia, 2019). Furthermore,
UberMedia and other companies are often not transparent exactly which mobile applications are
included within this dataset. The few known applications are niche sporting and radio apps, which may
not be commonly used (UberMedia personal communication., 2021).
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There are some inaccuracies in the dataset due to varying levels of GPS accuracy between phones (and
types of GPS antennas as well) (Sila-Nowicka et al., 2016). One reason is the multipath problem in
high-density urban areas where GPS signals bounce off nearby areas as signals refract on surfaces
(Sila-Nowicka et al., 2016). In addition, some data collection applications aggregate GPS points to
unnatural grids or zones as a privacy protection mechanism before the data is made available to
researchers (Gimbal, 2020; UberMedia personal communication, 2021). Grids and aggregations are
present visually in the data as unnaturally straight lines of data points which makes it challenging to
remove without removing real location data at the same time. Aggregation during pre-processing and
low accuracy GPS signal could lead to misclassification of land use. To reduce the impacts of this,
points were not overlaid to small features like supermarkets and schools.

Some methodological constraints are present in the data cleaning stage. To increase the accuracy of
the DBSCAN clustering, phones with less than 70 points per week were removed (Figure 3.4). This
practice of removing low-use phones is common. Data points recorded within the motorway were
removed (from cluster formation only) to reduce incidental clustering caused by traffic lights and
temporary stops during traffic jams. Removing points may inadvertently exclude points recorded on
nearby footpaths or homes. Finally, within DBSCAN, the clustering criteria vary between locations
and different types of users (high frequency vs low, rural versus urban) with no singular accepted
framework for interpreting the correct DBSCAN parameters (Ester et al., 1996). If the analysis was
rerun with different criteria, the clustering output may change slightly. Though mobility metrics results
(which was more often run on non-clustered data) would be similar, based on trial-and-error testing.

It was essential to not inadvertently reidentify the dataset or commit ecological fallacy where
assumptions about individuals within a sample are incorrectly inferred from characteristics of the
group they are from (Chen et al., 2016; Hu et al., 2022). Phones with common night-time locations
within high deprivation areas do not necessarily represent individuals experiencing high levels of
social-economic deprivation. Similarly, while specific ethnic populations may contribute to a higher
percentage of the people in an area, this does not mean the results are representative of individuals
within this ethnic group. Whilst the ethics of using mobile phone location data are not delved into in
depth in this thesis, considerations were made during the ethics application process and data analysis.

Finally, due to time constraints and limitations in access to computational powers (including available
storage and RAM), the sample size (only 20,727 phones) and the number of mobility metrics included
are limited. Additionally random and uncorrelated entropy metrics were calculated during the analysis
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phase but not included in the results (See Appendix 18 and Appendix 19). Entropy measures the
heterogeneity and predictability of individuals' movement (Song et al., 2010). Human mobility is
highly predictable, with a limited number of significant locations visited repeatably (Teixeira et al.,
2021). In this metric, lower entropy represents more distinct locations visited during the selected time
(Kishore et al., 2021; Song et al., 2010). Due to the large size of data available, the predictability was
unexpectedly low compared to expectations from research using similar data (Smolak et al., 2021). To
accurately interpret and display entropy, further analysis is needed. Rather than inputting raw data
points from each phone, trajectories between locations must be created to show repetition of visitations
more accurately; increasing the predictability and more accurately reflect entropy. Time-based metrics
commonly used like time spent at home or work, were not tested here, as the episodic nature of the
dataset and incompleteness of low-use phones meant the results would be inaccurate (Muller et al.,
2021). Fixing these requires trajectories identification first, which is a time and resource-intensive
process.
5.6 Recommendations for further work
During this research, the New Zealand Government implemented new COVID-19 frameworks shifting
away from an alert level framework with strict lockdowns (Appendix 2) into new traffic light phased
approach (Appendix 3). It would be interesting to see how mobility changed in response to different
lockdowns (such as in late 2021 and early 2022) and response to new variations of COVID-19 (Delta
and Omicron as examples). This work could question whether mobility has recovered to baseline
conditions (if so, how quickly and is the recovery equal in different location and for different
deprivations). Furthermore, the social and economic impacts of reduced mobility during lockdowns
could be combined with public transport, and retail data (expanding on research by Hall et al., 2020)
in response to new restrictions.

Next, the geographic extent of this research could be increased. Due to time constraints and the
availability of clearly demarcated borders and localised government policy, analysis was constrained
to Auckland (Figure 3.2). As part of clipping, some phone location data loss occurred, with essential
trips over the road boundaries removed, which is clearly apparent for some phones (Figure 3.3). Mobile
phone location data is available for the rest of New Zealand and many more phones (approximately
1.5 million in the larger raw dataset). The methods presented in this thesis should be replicated to
understand inter-regional mobility. Such analysis would enable questions such as which
destinations/locations were commonly visited by individuals traveling outside of the Auckland borders
during lockdown to be answered and addressing commentary in the media that individuals were selfevacuating and ‘escaping’ to baches/holiday homes. Additionally, data could be obtained from the
same company for other international regions, comparing New Zealand's mobility response to other
98

countries with different government restrictions levels. Given mobile phone data are sold by a number
of companies, data could be obtained for the same geographic area of interest (e.g. Auckland) to
interrogate the accuracy of each company’s data (Mobile Marketing Association., 2015).

The

prevalence of mobile phone ownership in NZ means these data could be obtained and processed to
study other phenomena which interrupted mobility such as natural hazards. The opportunities to
explore evacuations from events such as tsunamis or floods could be completed, creating highly
temporal movement flows. Moving beyond COVID-19, similar procedures enhancing mobility data
could help planners and civil defence practitioners understand where resources may be needed and
how we react to rapidly evolving scenarios.
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Chapter 6 : Conclusion
This thesis addressed how new forms of data such as mobile phone location services could be used to
study changes to human mobility in Auckland, New Zealand during COVID-19 lockdowns. Auckland
provided an ideal case study with its strict mobility mandates introduced in the COVID-19 alert level
system. During alert level four (AL4), restrictions were places on the businesses that could remain
open (limited to essential services such as supermarkets and healthcare). The Government
recommended individuals to remain in their local neighbourhood to reduce disease transmission, with
border restrictions at key intersections along the territorial boundary preventing non-essential travel
out of Auckland. Using unsupervised machine learning, mobility metrics methods and literature from
GIScience, data science, population health and epidemiology this research explored three key
objectives,
1. To develop a framework for good research design using big mobile phone location services
mobility data
2. To determine the extent to which population mobility changed during the lockdowns in 2020.
3. To investigate the spatial/socio-demographic variations in these patterns.

Human mobility usually is predictable with routines in the places we visit, and the distances travelled
following set mobility laws; however, pandemics such as COVID-19 disrupt these patterns (Demšar
et al., 2021; Gonzalez et al., 2008; Lawson et al., 2021). Typically, individuals visit a few significant
locations such as homes, workplaces, educational facilities, frequently, with reducing visitation rates
as distance from home increases (McCulloch et al., 2021; Pappalardo et al., 2016). Other places such
as libraries, gyms, and parks are often visited as recreation sites (Sila-Nowicka et al., 2016); however,
government-mandated closures of facilities to reduce disease transmission altered the number of
locations we could visit, ways we travelled, and distance covered to reach open facilities (Campbell et
al., 2021; Jefferies et al., 2021; Unite Against COVID; 2021b). The closure of non-essential businesses
and the transition to working from home altered temporal and spatial commuting patterns with less
movement into business areas and Auckland CBD and increased movement within residential locations
(Christie., 2020). During COVID-19, an abundance of human mobility research has been published,
using many different data types and methodologies to answer ‘who,’ ‘where,’ ‘when,’ ‘how’ and ‘why’
were people moving during the pandemic, creating comparisons between neighbourhoods’, cities and
countries worldwide (Such as Gao et al., 2020; Huang et al., 2020a; Franch-Pardo et al., 2020). Mobile
phone location data has been increasingly utilised, such as call detail records, social media posts, and
geolocated location services datasets to uncover movement trajectories (Huang et al., 2020b; Hu et al.,
2022; Zhang et al., 2021).
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In this research, five weeks of mobile phone location data from UberMedia were used. These included
a baseline week prior to COVID-19 restrictions (March 1st – 7th 2020) and different levels of lockdown
between March 19th and May 4th, 2020 (Unite against COVID, 2021b). During the 33 days of AL4
non-essential services closed and the public was asked to remain in their local neighbourhood. While
in the 15 days of AL3 following the reduction of community disease transmission, governmentmandated movement restrictions reduced slightly, with takeaways reopening, contactless delivery of
retail goods, and extended travel distances (NZ Doctors., 2022). During data cleaning and preparation,
35 days of mobile phone data (from 20,272 phones; 1.2% of Auckland’s 2018 census population) were
selected using a set of inclusion and exclusion criteria (Figure 3.4). Later lockdowns in 2021, and
2022 are outside of the research scope. DBSCAN (Density-Based Spatial Clustering with Additional
Noise) clustering algorithm was fine-tuned to discover significant stop locations. Common night-time
locations (between 11pm and 5am) were identified as a proxy for home location. While this may be
inaccurate for some selected individuals (such as night-shift workers), it is generally the most accurate
and widely accepted method (Yin & Leurent, 2021).

Each common night-time location was linked by location to underlying socio-economic deprivation
data from the Index of Multiple Deprivation (IMD18) to investigate differences between deprivation
area (Exeter et al., 2018). Internationally areas of higher deprivation moved more during lockdowns,
while low deprivation areas remained at home, potentially due to inequality of resources and unequal
dispersal of essential workers throughout deprivation levels (Barnett-Howell et al., 2021; Fraiberger
et al., 2020; Huang et al., 2021b; Hu et al., 2022; Long and Ren., 2022). Significant stop locations
were categorised based on Auckland unitary plan classes (such as business, industrial, residential, or
open space) and compared with Google mobility reports (Auckland Council., 2019; Google mobility
reports., 2020). Then mobility metrics selected from prior studies including Scikit mobility metrics
from Pappalardo et al. (2019) (4.4) were chosen to quantity the changes in movement behaviour in
various levels of lockdown. These metrics include the number of visited locations, the distance
travelled (using both total haversine distance (per week) and max distance from home), and spatial
coverage/ neighbourhood range of each phone (using the radius of gyration and minimum convex
polygon). Metrics output per individual, per week, were aggregated to data zone level (500-999
individuals) based on common night-time location. Metric outputs were then tested using KruskalWallis one-way analysis of variance and Wilcoxon Signed-Rank test.

This research found an overall reduction in human mobility in Auckland during COVID-19 lockdowns.
There was almost 75% reduction in the median number of significant locations visited during AL4 and
over 50% in AL3 compared with baseline. The distance travelled reduced as well, with over 90% drop
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in total distance during AL4 and nearly 75% in AL3 after a limited number of shops (e.g. takeaways)
reopened. Phones within Auckland remained closer to their common night-time location, with an
almost 90% drop in max distance (from common night-time location) in AL4 and 60% in AL3.
Aucklander’s activity space and spread of locations visited reduced as well with a 94% drop in radius
of gyration (68% in AL3) and 99% in minimum convex polygon (87%) meaning Aucklanders
generally remained in their local neighbourhood, rather than visiting dispersed locations. This research
confirmed prior studies finding a significant difference in movement occurred between different socioeconomic deprivation area (Campbell et al., 2022; Huang et al., 2021b). Prior to lockdown in baseline
conditions, phones in lower deprivation areas had the highest overall movement, while high
deprivation areas moved less. This trend flipped in lockdown AL4 with high deprivation areas
travelling to a higher number of locations, over further distances, and a larger spread/spatial range.
This likely related to unequal distribution of resources, spatial disparities in facilities locations (such
as food supply), limited access to public or personal transport, and high levels of essential (often lowerpaid) employment by high deprivation groups (Parker et al., 2021).
Identifying different mobility responses based on geographic area and socio-economic deprivation has
important policy implications to ensure Government legislation and mandates are designed to meet the
needs of all of the populations. For example, there are high concentrations of Māori and Pacific in
South Auckland, a higher deprivation area with the highest mobility during the lockdown. Research in
New Zealand found these ethnicities often account for a higher proportion of essential, low-paid
employment and are a vulnerable population for COVID-19 transmission, hospitalisation, and
mortality (Baker, 2020; MBIE, 2020; MBIE, 2021; Jefferies et al., 2021; Parker et al., 2021. There is
an urgent need to study the association between area deprivation levels and mobility to inform policy
and decision making. COVID-19 is still present in New Zealand meaning there is an urgent need to
address these inequalities. By highlighting the geographic variations in how socio-demographic factors
influenced human mobility during government lockdowns, using a transdisciplinary approach, this
thesis has revealed geographic inequities that would have remained hidden using a conventional
statistics, data science or qualitative lens.

102

Chapter 7 : Appendices

Appendix 1 University of Auckland Human Participants Ethics Committee approval letter
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Appendix 2 Unite Against COVID-19 (2020a) Alert Level Framework: March 2020 – Dec 2021
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Appendix 3 Unite Against COVID-19 (2021a. October 21) Traffic light system introduced December
2021
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NAME

VERSION

Pandas

1.3.2

Geopandas

0.9.0

SciKit-Learn

0.24.2 (1.0)

Sci-Kit Mobility

1.2.1

Scipy

1.7.1

Numpy

1.20.3

Sqlalchemy

1.4.23

Psycopg2

2.9.1

Seaborn

0.11.1

Matplotlib

3.4.3

Researchpy

0.3.2

Fiona

1.8.13.post1

gdal

3.0.2

geos

3.8.0

ipython

7.26

ipywidgets

7.6.3

Jupyter

1.0.0

pingouin

0.5.0

postgresql

12.2

pyproj

2.6.1.post1

python

3.8.11

shapely

1.7.1

statsmodel

0.13.0

tabulate

0.8.9

Urblib3

1.26.7

geojson

2.5.0

Appendix 4 : Python packages and versions used in this thesis.
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Appendix 5 Index of Multiple Deprivation data sets and weighting criteria. (Exeter et al., 2018).
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Appendix 6 Pre AL4, Pre AL3. Number of clusters based on phone common-night time location
datazone

108

Appendix 7 Pre AL4, and Pre AL3 number of significant location clusters per data zone based on
recorded location, normalised by area

109

Appendix 8 Pre AL4, Pre AL3, H_dist

110

Appendix 9 Pre AL4, Pre AL3 Max distance from home aggregated to common night-time location
data zone
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Appendix 10 Pre AL4, Pre AL3. ROG

112

Appendix 11 Pre AL4, Pre AL3: MCP

113

Appendix 12: Percentage change from baseline. Number of clusters (by recorded location)
114

Appendix 13: Percentage change number of location by night-time datazone
115

Appendix 14: Percentage change H_dist
116

Appendix 15 Percentage change max distance
117

Appendix 16 Percentage Change ROG
118

Appendix 17 Percentage Change MCP
119

Appendix 18 Random entropy using Scikit mobility metrics (Pappalardo et al., 2017). These results
do not conform to expectations and would requiring additional processing.

Appendix 19 Uncorrelated entropy.
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