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Research Article

Revealing human mobility trends during
the SARS-CoV-2 pandemic in Nigeria via a
data-driven approach

We employed emerging smartphone-based location data and produced daily human mobility
measurements using Nigeria as an application site. A data-driven analytical framework was developed
for rigorously producing such measures using proven location intelligence and data-mining algorithms.
Our study demonstrates the framework at the beginning of the SARS-CoV-2 pandemic and successfully
quantifies human mobility patterns and trends in response to the unprecedented public health event.
Another highlight of the paper is the assessment of the effectiveness of mobility-restricting policies as
key lessons learned from the pandemic. We found that travel bans and federal lockdown policies failed to
restrict trip-making behaviour, but had a significant impact on distance travelled. This paper contributes
a first attempt to quantify daily human travel behaviour, such as trip-making behaviour and travelling
distances, and how mobility-restricting policies took effect in sub-Saharan Africa during the pandemic.
This study has the potential to enable a wide spectrum of quantitative studies on human mobility and
health in sub-Saharan Africa using well-controlled, publicly available large data sets.

Significance:

e The mobility measurements in this study are new and have filled a major data gap in understanding
the change in travel behaviour during the SARS-CoV-2 pandemic in Nigeria. These measurements are
derived from high-quality data samples by state-of-the-art data-driven methodologies and could be further
adopted by other quantitative research related to human mobility.

«  Additionally, this study evaluates the impact of mobility-restricting policies and the heterogeneous effects
of socio-economic and socio-demographic factors by a time-dependent random effect model on human
mobility. The quantitative model provides a decision-making basis for the Nigerian government to provide
travel-related guidance and make decisions in future public health events.

Background

The spread of the coronavirus (SARS-CoV-2) in 2020 became an enduring war of global public health. Up until 23 May
2023, over 760 million confirmed cases had accumulated worldwide, claiming almost 6.9 million lives."? Despite the
many effective vaccines rolled out to fight such an unprecedented war, more transmissible variants still emerged.
A spike of deaths and new infections was still observed in January 2023 in the Western Pacific region.? For us to better
learn from past experiences and recommend the path forward, it is imperative to look back and learn from the ways in
which human beings fought this battle, so that we can rethink our strategy for future pandemics.

One key lesson worth evaluating is the effectiveness of non-pharmaceutical interventions (NPIs) such as stay-at-
home orders and travel regulations. At the early stage of the pandemic, governments and their citizens adopted
such NPIs at different levels globally to contain the spread of the SARS-CoV-2 virus.37

Perra® conducted a thorough review of NPIs during the pandemic and summarised data sets, modelling methods
and findings. Researchers have looked into NPIs implemented by several nations, such as the USA, South Korea,
China and countries of the European Union, and found them to be quite effective in delaying and containing the
spread of disease.>"!

With respect to the travel restriction policy as an NPI, researchers have found it to be particularly useful in the early
stages of an outbreak, and specifically when the policy is confined to an area that is considered to be the major source
of the virus. Previous studies have proven a positive relationship between human mobility and SARS-CoV-2 cases.'?*
Mobility restrictions may become less effective once the outbreak is more widespread at a later stage.''6 In terms of
data sources, dedicated surveys and passively collected smartphone location data were the most used data sets in
NPI-related studies. Different surveys have been conducted to quantify the impacts of NPIs on human activities'” s,
social distancing and close contacts'®%, as well as well-being indicators on, for instance, mental health??? and health
behaviour®*#, These dedicated surveys covered a variety of sample sizes, ranging from 500 to greater than 100 000.
Compared with survey data, an emerging data source for estimating the human behavioural response to mobility
restrictions and how that was associated with the onset of SARS-CoV-2 was smartphone location data collected
passively via mobile devices by location intelligence and measurement platforms.31425-27 Technology advances have
led to an increasingly higher penetration of smartphones and the vital roles they play in people’s daily lives, making
such data a unique, high-resolution and cost-effective source of information on human movement and possible
changes in movement without compromising the confidentiality of these data.

Research gaps and motivation

From reports in the literature, it is important to note that most studies have focused on data-rich societies such as the
USA, China and European countries.? Very little research attention has been paid to the rest of the world, and there are
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limited data sets on this topic. Only two studies on NPIs were found in sub-
Saharan Africa.?? Evans et al.?® developed a prediction model of SARS-
CoV-2 cases in Madagascar. Zandvoort et al.® studied Nigeria’s NPIs with
a modified SEIR (Susceptible, Exposed, Infective, and Recovered) model
and concluded that physical distancing alone might not have been enough
to contain the virus without lockdown. Their paper highlighted the need for
reliable data sources on mobility and social distancing. Because of the lack
of such data, they could only adopt synthetic contact matrices to model
the effect of lockdown and behaviour.

Considering that little scientific evidence is available, sub-Saharan Africa is
in need of proper data and research on human activities, mobility and the
association of mobility with disease transmission due to the high disease
burden that exists in sub-Saharan Africa. Tuberculosis is among the
leading causes of death of African citizens.® Several SARS-CoV-2 variants
and the new outbreak of monkeypox were first reported in sub-Saharan
Africa.'® An appropriate human mobility measurement process can best
supplement studies of the transmission of these diseases and other
emerging and re-emerging infections. Crucial research questions need to
be answered, such as the speed of the outbreaks, how human movements
and gatherings contribute to them, and how effective different lockdown
policies were. While conducting dedicated travel surveys on individuals
and/or households remains a high-cost approach to understanding
people’s travel and mobility changes, smartphone penetration rate, which
has increased steadily in sub-Saharan countries, makes mobile phone-
based data collection an attractive alternative. In 2021, the rate reached
20% in Nigeria and 25% in South Africa. These rates make using passively
collected location information from smartphone platforms a feasible and
promising option to study human mobility in sub-Saharan countries.

Motivated by the need to develop human mobility measurements and
models for Africa, we studied mobile device location data and measured
individual-level travels based on a data-driven approach. The methodology
was adapted from a parallel research effort in the USA in developing US
national travel patterns and origin-destination trip matrices.’2% Two human
mobility measurements, i.e. daily average number of trips per person and
daily average distance travelled per person, were taken from afiltered high-
quality sub-sample using Nigeria as the study area. The study covered the
period of 01 January 2020 to 25 April 2020, with the aim of depicting daily
human mobility changes at the beginning of the SARS-CoV-2 pandemic.
Then, a time-series model of human mobility was developed and estimated
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to quantify changes in people’s travel patterns, and how the pandemic
and its associated travel restriction policies affected these patterns. At the
time of writing this paper, the team had also started working on mobility
data production for South Africa. The study of a two-country statistical
comparison is the immediate next step. To our best knowledge, this is the
first attempt to use emerging passively collected mobile device location
data to measure travel behaviour, such as trip-making behaviour and
travelling distances in the sub-Saharan region. This study will fill a critical
and long-lasting data gap in transportation and mobility studies. Based
on such measurements, we also empirically tested the effectiveness
of mobility restriction policies to reach a number of policy implications
supported by emerging data evidence.

SARS-CoV-2 in Nigeria and associated human
mobility policies

The development of SARS-CoV-2 in Nigeria and its associated public
policy decisions in relation to human mobility are summarised in Figure 1.

This study focuses on the beginning of the SARS-CoV-2 pandemic in
Nigeria. This initial period can be divided into three stages based on
transitions of public policy on human mobility:

e Pre-lockdown Stage* (indicated in blue in Figure 1): The first
confirmed SARS-CoV-2 case was discovered in Ogun State,
Nigeria, on 27 February 2020. Travel bans on countries with
ongoing high transmissions such as China, Italy and Germany were
issued on 18 March, and on the same day, Lagos and Ogun banned
mass gatherings and religious activities for more than 50 people.
Schools were closed on the subsequent day. On 23 March, in order
to prevent disease importation, all international flights were banned
and land borders were closed. Mandatory quarantine and testing
were required for international returnees.

*  Lockdown Stage3*% (indicated in red in Figure 1): Phase 1 of federal
lockdown was issued for Lagos, Ogun and the Federal Capital
Territory (FCT) on 30 March 2020. The lockdown was in effect for
2 weeks and included several measures to slow virus transmission
(such as workplace closure, the banning of social gatherings and
public events, and curfews). These states were selected based on
several risk factors, including large numbers of confirmed cases

Travel ban on 13 countries with high transmission. Lagos & Ogun ban mass gatherings and religious activities for over

All international flights banned — Land borders closed; mandatory guarantine and testing for international returnees

Inter-state travel restrictions — All 36 states and the FCT placed on inter-state travel restrictions. Domestic flights are

Lockdown easing phase 1 — Initial two weeks (May 4 to 17) then extended for another two weeks (May 18 to June 1).

Lockdown easing phase 2 — Total of 4 weeks, ending on June 29. Measures start to loosen, such as the national curfew

Lockdown easing phase 3 — Total of 4 weeks, ending on July 27. Measures continue to loosen, such as local flight
re-openings and resumptions of schools. National curfew, however, still remains the same. Use of facemasks in public

. Feb 27 Index case — First confirmed case in Nigeria
@ Marchis
50 people
. March 19 School closure
@ March23
. March 30 Federal lockdown phase 1 — 14 day lockdown for Lagos, Ogun, and the FCT
. April 2 Other states enter lockdown — Bauchi first, then followed by many others
. April 13 Federal lockdown phase 2 — 21 day lockdown for Lagos, Ogun, the FCT, aswell as Kano
@ Apri2s
also banned
@ Maya
Nation wide curfew of 8pm to 6am with additional measures
. June 2
modified from 8pm - 6am to 10pm - 4am
. June 30
now punishable by law

Figure 1:

Research Article
https://doi.org/10.17159/sajs.2023/14727

2

A timeline of Nigeria’s SARS-CoV-2 situation and mobility-restricting policies.**%

Volume 119| Number 5/6
May/June 2023


https://doi.org/10.17159/sajs.2023/14727

and their high population densities. Starting on 02 April, other states
entered lockdown as well. The first was Bauchi, followed by many
others. After the 14-day Phase 1 lockdown, another 21-day federal
lockdown (Phase 2) was issued for Lagos, Ogun, the FCT and Kano
(due to a rapid increase in cases). On 23 April, inter-state travel
restrictions were imposed in all states, as well as the FCT , and
domestic flights were grounded.

e Lockdown Easing Stage® (indicated in green in Figure 1): After
the two phases of federal lockdown, Nigeria started to loosen its
restriction measures through gradual lockdown easing. Phase 1
of lockdown easing commenced on 04 May, which was initially
planned for two weeks (until 17 May), but was extended for
another two weeks (until 01 June). Lagos and the FCT were
included in this first phase of lockdown easing. A national curfew
of 20:00 to 06:00 was declared in accordance with the lockdown
easing measures. Phase 2 of lockdown easing started on 02 June.
It lasted for four weeks and ended on 29 June. Restriction
measures loosened, including a shortened national curfew from
22:00 to 04:00, the reopening of banks, and the exemption from
inter-state travel restrictions of providers of essential services and
manufacturers of produce. Phase 3 of lockdown easing lasted
for 4 weeks, commencing on 30 June and ending on 27 July.
Restriction measures continued to loosen. These included the
re-opening of local flights ‘based on close monitoring’ and the
resumption of schools for certain grades. However, there was no
change in the national curfew, and the failure to use face masks in
public was still punishable by law until 23 June 2022.%

Data sources and methodology of mobility data
analytics and modelling

Data sources

In this study, the primary data source used to measure human mobility
was smartphone locations licensed from third-party data providers who
supplied opted-in and anonymised mobile device location pins via Global
Positioning System (GPS), wireless fidelity (Wi-Fi), Internet Protocol (IP),
and Internet of Things (loT) signalling. The raw data panel contained about
62 500 opted-in samples on a daily basis for Nigeria, generating some
2 570 000 sightings (i.e. one location point with a time stamp) daily from
01 January to 25 April 2020. Devices of smartphone operating systems
collected the data of anonymised samples of people who had opted in to
share their locations. The data collection processes do not collect any
personal-identifiable information and employ privacy protection techniques
to substantially reduce the risk of reidentification, e.g. aggregate the home
and work location to a coarser geographical level.

To facilitate understanding of mobility and changes in mobility before
and during the pandemic, supplementary data was collected and
digitised in parallel with the smartphone locations. First of all, events
and government policies described in the previous section were digitised
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into dates and dummy variables that were later incorporated into the
mobility model. These variables included the announcement of the first
SARS-CoV-2 case in Nigeria, the ban on travel and mass gatherings, and
the Phase 1 and Phase 2 federal lockdown levels. Also related to the
SARS-CoV-2 situation, daily new number of confirmed cases of each
state from the Humanitarian Emergency Response in Africa (HERA) was
integrated into the model.®”

The inherent discrepancy in mobility across different states within
Nigeria should also be linked to time-invariant covariates such as
population structure, economy and number of facilities. Population-
specific information such as age and gender were extracted from United
Nation Population Fund data ( ). In particular, the
percentage of members of the population below 14 years and above
65 years of age were entered into the mobility model. Then, to capture the
impact of household and individual income levels on travel, an indicator
of general economy was adopted as a proxy. This indicator, the Relative
Wealth Index (RWP), was recently developed to micro-estimate the
relative wealth and poverty levels in low- and middle-income countries
at a 2.4 km resolution. In this study, the RWI points were spatially joined
at county level and the values were averaged. The county-level to state-
level values, weighted by county population, were then aggregated.
The percentile of the RWI values of all states were then calculated and
ranked. A value of 1 represents the highest-income state and a value of
0 represents the lowest-income state. Lastly, the availability of points of
interest would play a crucial role in mobility. Due to a lack of sufficient
point-of-interest data records, we were only able to incorporate the
number of health facilities as covariates.® Three levels of healthcare
delivery in Nigeria were included in the data set. We aggregated the count
of healthcare delivery to state level, including hospitals, pharmacies,
clinics, health centres, medical centres, maternity homes, laboratories
and other entities that provide medical and/or healthcare services. It was
believed that the availability of healthcare facilities would play a special
role in impacting people’s travel decisions during the pandemic'2%, as
providing quality health and medical services at the travel destination
could reduce the fear of travel®.

Data analytical method of measuring human mobility

Figure 2 gives an overview of the analytical framework that was developed
to measure human mobility. The framework is based on our existing
research.® Beginning from raw location data, a series of quality metrics was
first developed to confirm data frequency, stability and data consistency.
Partially for preserving data privacy, smartphone location data were not
collected frequently. In an extreme case, one sample in the raw data was
only observed in one sighting (i.e. a location point with a time stamp).
To address this limitation, we filtered only the regular active users (RAU)
as a sub-sample for subsequent mobility identification. An RAU must be
observed at least eight times at different locations in a single day, and
then has to be observed at eight different unique hours on that day. This
is defined based on a trade-off between sample size and statistical biases
of mobility measurements.3® With the implementation of this RAU quality

Sighting Data Data Pre-
Panel Processing

Data Preprocessing and
Quality Metrics

}

Mobility

- gon - i i
Identification Applications

Home and Fixed Workplace
Identification

}

Device Deduplication and
Sighting Data Integration

Person
Raw Sighting Data

Human Mobility Measures . W

Daily Trips per Person
Daily Miles per Person
Other Measurements

Nigeria

Figure 2:
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filter, we assembled a sub-sample of 281 458 RAUs (from January 2020
to April 2020) in Nigeria for the subsequent data analytics steps.

A behaviour-based method was used to impute home and fixed workplaces
based on the most frequently visited places at night and during the day.
This step offered each sample an anchor for its daily life centres and for the
subsequent identification of travels. Then, a deduplication step removed
repetitive data from the observations as one individual could possess
multiple mobile devices and share data with multiple data vendors. This
process avoided the over-representation of individuals using multiple
devices and sharing data with multiple data vendors, and consolidated
unique device sightings. In the Nigeria study presented in this paper, about
0.04% of the devices were removed as duplicates.

The most critical pillar of the framework is the mobility identification
steps. We employed a tour-based approach to properly identify all tours
and trips from the raw location data, including trip origin, destination,
start time and end time. A tour means a sequence of linked trips that fulfil
similar mobility needs for a person. The tour-based method enables one
to consider trip chaining and differentiate between linked and unlinked
trips. Many traditional methods can only identify unlinked trips, for
instance, a single transit commute trip with a long time of waiting at
the origin, and/or transfer transit stations would be identified as multiple
unlinked trips. Figure 3 illustrates how the tour-based algorithm produced
more accurate trip identification results than traditional methods. Figure
3a and 3b show how the tour-based method differentiates true activity
clusters (e.g. a home cluster and a work cluster) from mid-trip transfer
points (e.g. waiting at a transit station). More details about this algorithm
can be found in Zhang et al.3

The tour and trip identification approach is then applied to all RAU sub-
samples in the study area and for the designated study period to yield a
roster of trips. The location points of each trip are then used to estimate
the great-circle distance. Because of the lack of appropriate multimodal
transportation network data, especially for transit and rail modes, it is
difficult to reconstruct accurate turn-by-turn movements of sub-samples
and thereby estimate trip distance. As this research focused more on
analysing the mobility and travel behaviour change along the timeline of
COVID-19, an unbiased travel distance approximation“® was found to be
acceptable and sufficient for this study, rather than elaborating efforts
and computing powers to obtain network-based distance. Therefore,
great-circle distance is employed to approximate the actual trip distance.
This limitation will be addressed once a routable transportation network
is developed for analysis. Finally, the trip roster, together with the
approximated trip distance information, was employed to generate two
aggregated human mobility measurements:

»  Daily trips per person: The number of trips made by each person
per day

Nigeria human mobility trends during SARS-CoV-2
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«  Daily distance per person: The total approximated distance travelled
by each person per day

To date, there are limited data to validate the mobility findings generated
from the passively collected smartphone location data. Because
of the sparsity of such location data, it is possible that the proposed
methodology under-estimates the number of trips and/or distance
travelled per person per day. Without appropriate validation data and a
calibration process, the possible measurement bias may not be properly
identified and mitigated. This will remain a critical research topic yet to
be completed. On the other hand, the consistency of the data in terms of
number of devices and number of sightings per device on a daily basis
has been thoroughly evaluated. The study also filtered high-quality RAUs
as the sub-sample used in the analytical framework. We are confident
that the development mobility measurements reasonably reflect the
actual behaviour shifts in Nigeria.

With this overarching framework and its capability to analyse individual-
level tours and trips, additional mobility measures can be derived with
additional future research and development effort. This paper is focused
on analysing and modelling these two measurements in Nigeria, which
is one of two country-level study and application sites.

Modelling the time-dependent human mobility measures

Individual-level trip information was aggregated to state level for
Nigeria. We employed a random-effect model of panel data to capture
the relationship between human mobilities and government policies,
SARS-CoV-2 cases and several time-invariant covariates. A one-day
lag variable was embedded in the model to capture the first-order
autocorrelation of the dependent variable. The formulation of the model
is described in Equation 1:

Ykit:C/‘t+ZM,IBm/‘Xm/‘+ZN,/,TBVWIX"/‘I-’-ZK,/.FIYK,M-IYI(,/,I-I+ur+eri Equation 1

where Y, represents the k" dependent variable of state / at time £, c, is
the constant term serving as the intercept of the model for each state at
each time; X , is the m™ time-invariant variable of state /, and 5, is the
corresponding coefficient; X, is the n™ time-variant variable of state /,
and B, is the corresponding coefficient; Y, , stands for the " time-
series variable of state / at time ¢-1, which is lagged by one day; Y, . is
the corresponding coefficient of Y, ., .; u.is the random effect term, which
is independent of all X and Y,

',.J,,Mbtdt common to al states i, e, stands
for the error term. In our experiment, there were M=5 time-invariant
variables, N=4 time-variant no-lag variables and K=2 time-variant
variables lagged by one day. The description and the type of variables

are described in Table 1.
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Figure 3:  Tour identification and trip chaining demonstration.

Research Article
https://doi.org/10.17159/sajs.2023/14727

Volume 119| Number 5/6
May/June 2023


https://doi.org/10.17159/sajs.2023/14727

Data measurements and modelling results

Human mobility measurements

Based on the data sources and methodology elaborated on in the
previous section, we derived daily trips and daily distances travelled per
person as human mobility measurements for Nigeria. The results are
illustrated in Figure 4. The measurements are averaged at the national
level and cover the period 01 January to 25 April 2020, demonstrating
the overall mobility changes in Nigeria at the beginning of the pandemic.
The dates when different mobility-restricting policies were implemented
are annotated in Figure 4.

Using the ban on travel and mass gatherings (19 March 2020) as
the pandemic breakpoint, before that date, people made 2.0 trips and
travelled 13.2 km per day. After the breakpoint, the daily distance

Nigeria human mobility trends during SARS-CoV-2
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travelled per person dropped steadily to an average of 9.66 km, which
represented a decrease of over 25%. The number of trips per person
displayed a more notable fluctuation and averaged 2.1 trips per person
per day after 19 March 2020, i.e. a 5% increase compared with the pre-
pandemic level. Overall, the results show that human mobility patterns
displayed an unprecedented modification during the study period. The
pandemic, along with the series of mobility restrictions, seemed to have
had a significant effect in limiting the distance travelled, while people
were still making a good number of daily travels, measured by trips.
This indicated that, when adapting to the pandemic, people reduced the
number of longer trips and replaced them with shorter trips.

Another robust way of measuring the mobility changes during the SARS-
CoV-2 pandemic was to analyse the relative percentage change in these
mobility measures.

Table 1:  Descriptive statistics of variables used in the random-effect model of human mobility panel data in Nigeria
Variable name Description Mean S.D. Max Min Unit
Trips/person Daily trips travelled per person 2.05 0.40 4.26 1.24 -
Distance/person Daily distance travelled per person 12.41 7.87 166.55 2.32 km
RWI percentile Percentile of Relative Wealth Index (RWI) among all states in Nigeria 0.51 0.29 1.00 0.03 -
Age 0_14 Percentage of population below age 14 41.88 5.11 48.66 33.02 %
Age_65+ Percentage of population above age 65 3.24 0.73 472 1.48 %
Health facilities Count of health facilities in each state, in the unit of 1000 1.25 0.48 2.33 0.39 1000
New cases Daily new confirmed cases of SARS-CoV-2 in each state 0.28 2.87 80.00 0.00 -
First case A dummy variable = 1 if the first confirmed case in Nigeria was announced 0.51 0.50 1.00 0.00 -
Travel ban A dummy variable = 1 if the ban of foreign travel and gathering in Nigeria was issued 0.33 0.47 1.00 0.00 -
Fed-lockdown-p1 = A dummy variable = 1 if Phase 1 of Nigeria federal lockdown was issued 0.23 0.42 1.00 0.00 -
Fed-lockdown-p2 A dummy variable = 1 if Phase 2 of Nigeria federal lockdown was issued 0.1 0.32 1.00 0.00 -
—— daily trip per person 20.0
—-- daily distance(kilometer) per person
2.6
17:.5
S
2.4 b
\ Ban of travel & hasel 15.0 8
5 | o A A e B 2
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Figure 4:  Daily trips per person and daily distance travelled per person measured using smartphone location data collected in Nigeria (01 January 2020 to

25 April 2020).
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The average numbers measured for January 2020 were used as the
benchmark to calculate the percentage change of the mobility measures
for the following months of the study period. Figure 5a and 5b visualise
the human mobility trends in percentage changes when compared with the
January average. The statistics are reported for three different groups of
states in Nigeria. The grouping was based on the groups’ relative wealth
according to RWI percentile rankings. Two thresholds for RWI (i.e. 0.33
and 0.66) were selected to divide the states into three groups of equal
sample sizes. As shown in Figure 5a and 5b, the green curve with an
RWI percentile ranking greater than 0.66 represents the situation for the
high-income group of states, while the blue curve with an RWI percentile
ranking lower than 0.33 represents the low-income states. The orange
curve with an RWI percentile ranking between 0.33 and 0.66 represents
the situation of the mid-income states. Both trips and distances showed
some level of increase shortly after the announcement of the first SARS-
CoV-2 case in Nigeria on 27 February 2020. This could be due to the panic
facing the uncertainties of a new pandemic. People were travelling to get
together or to get a part, stock up on goods or even relocate to another
place with decent medical resources. On 19 March 2020, Nigeria banned
entry for travellers from 13 countries with higher public health concerns,
followed by the closure of schools. Around the same time, the World Health
Organization (WHO) defined SARS-CoV-2 as a global pandemic. The trips
and distances travelled per person in all state groups dropped in response
to the announcement. Daily distances travelled in all groups continued to
tumble, dropping to only 40-50% compared with the January average.
However, the trends in the daily number of trips per person performed
differently and showed discrepancies across state groups, especially after
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the announcement of the federal lockdown. The daily trips per person
of richer states rebounded drastically and stayed at the level of 110%
compared with January 2020. For the relatively lower-income states, the
daily number of trips decreased to around 83% of the January average.

Model estimation of time-dependent human mobility
measures

The results of the random-effect model for daily trips per person and daily
trip distance per person are reported in Table 2 and Table 3, respectively.
The variable with the prefix “Lag1_" represents one day lag of the data.
Goodness-of-fit indices (R-squared) are 0.6622 for the model of daily
trips per person, and 0.2142 for the model of daily distance travelled
per person, respectively. The codes, spreadsheet data and results have
been deposited in GitHub (
) and are publicly accessible.

Regarding the lagged time-variant variable, as expected, one-step lagged
daily trips per person and daily distance travelled per person both played
a positive and statistically significant role in the two models. It also
implies the existence of autocorrelation in the time-series data. For the
trips per person, the magnitude of the effect of trip distance per person
was limited. A trip distance of 1 km more per person on the previous
date only increased to an additional trips per person at the current date.
However, for the trip distance per person, the effect of trips per person
was significant. One more trip per person on the previous date increased
to an additional trip distance of per person at the current date.
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Table 2:  Model estimation results for the random effect model of daily

trips per person

coiont | SE e

Constant 1.318 0.105 0.000 | ***
RWI percentile -0.155 0.027 0.000 | ***
Lag1_trip-distance/person  0.001 0.001 0.011  *
Lag1_trips/person 0.762 0.010 0.000 | ***
Age_0_14 -0.014 0.002 0.000 | ***
Age_65+ -0.039 0.007 0.000 | ***
Health facilities -0.030 0.008 0.000 | ***
New cases 0.000 0.001 0.765
First case 0.021 0.010 0.034 *
Travel ban -0.023 0.014 0.118
Fed-lockdown-p1 -0.006 0.016 0.710
Fed-lockdown-p2 -0.007 0.015 0.668

Significant codes: 0°***'0.001°**’0.01'*°0.05".°0.1""1

Table 3:  Model estimation results for the random-effect model of daily
distance per person
Parameter S.E. p-value
Constant -0.6172 3.1236 | 0.8434

RWI percentile 2.6289 0.7991 0.001 *k

Lag1_trip-distance/person | 0.3795 0.0143 |0 *kk
Lag1_trips/person 2.3935 0.2979 |0 *kk
Age 0 14 0.1132 0.0519  0.0294 | *
Age_65+ -0.9585 0.21 0 ol
Health facilities 0.6659 0.2358 | 0.0048  **
New cases -0.1019 0.0394 |0.0097  **
First case 0.0264 0.2952 1 0.9289

Travel ban -0.3543 0.4275 0.4074
Fed-lockdown-p1 -1.1668 04632 0.0118 | *
Fed-lockdown-p2 -0.0743 0.4462 0.8677

Significant codes: 0°***°0.001°**'0.01°*°0.05".°0.1”'1

As for the impact of new SARS-CoV-2 cases, it was estimated to be
statistically insignificant in the trips-per-person model. On the other
hand, the daily new COVID-19 case number®” was found to influence
the daily distance travelled per person negatively. One more confirmed
case led to a mild reduction in the daily trip distance per person. Again,
the model corroborates what has been observed in the data. People may
give up longer-distance travel, such as vacations and visiting family,
amid public health concerns. This was as expected and verified by
several previous research studies.'’>'* The announcement of the first
SARS-CoV-2 case in Nigeria had a slightly significantly positive effect on
trips per person, while it did not have a significant effect on trip distance
per person. The trips per person on the date on which the first case was
announced were only more than they had been on the dates before the
announcement was made, on average.
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The model also tested the influence of mobility-restriction policies.
The travel ban policy showed a negative, but limited effect on trips per
person, as expected, and did not have a significant effect on trip distance
per person. The impact of the Phase 1 and Phase 2 federal lockdown
policy had an insignificant effect on trips per person, while the Phase 1
federal lockdown policy had a significantly negative effect on trip distance
per person. The Phase 1 federal lockdown policy reduced to a noteworthy
daily trip distance per person, which is about 9.47% of its mean value.
This indicates that the Phase 1 lockdown policy was effective in restricting
human mobilities and subsequently slowed down the propagation of the
virus. The effectiveness of the Phase 2 federal lockdown, however, had
a limited effect in further restricting human mobility. These findings are
roughly in line with international studies on the effect of different Phase 1
policies in countries such as the USA™#' and Japan*.

From the view of the socio-economic and sociodemographic factors,
RWI percentile, Age_0_14 and Age_65+ had a significantly negative
influence on trips per person. In other words, relatively wealthier states
with a higher proportion of 0-14 or 65+ age groups were more likely
to make fewer daily trips per person. On the other hand, Age_65+ had
a significantly negative impact on trip distance per person, while, on
the contrary, RWI percentile and Age_0_14 had a significantly positive
impact on trip distance per person. That means the states with a higher
proportion of older people were inclined to travel a shorter distance,
while the relatively wealthier states with a higher proportion of younger
people tended to travel longer distances. The number of health facilities
had significant influences in both models, but the impact was in different
directions. States with more health facilities tended to make fewer daily
trips per person, but travelled longer daily distance per person. While
this was significant, the impact of health facilities was limited due to the
small coefficients compared with their scale.

Conclusion

This paper is one of the first attempts to quantify travel behaviour (i.e. trip-
making behaviour and daily travelling distances) and its changes at the
beginning of the SARS-CoV-2 pandemic in Nigeria. The study is part of a
research consortium entitled ‘Role of Data Streams in Informing Infection
Dynamics in Africa’ (INFORM-Africa, ).
Fully recognising the data gap in sub-Saharan Africa in understanding
human mobility, the study employs a data-driven analytical framework
that utilises passively collected smartphone location data and algorithms
that have been previously developed and tested. The proposed approach
enables the quantification of daily human mobility in terms of the number
of trips and distances travelled by each person. The paper demonstrated
this novel data-driven approach and how it can fill the critical data gap
using Nigeria as the application. The measurements were produced
for the period 01 January to 25 April 2020. A steady decrease in daily
distances travelled per person during the pandemic was evident, while
the daily number of trips travelled fluctuated and increased slightly.
The mobility measurements were clustered into three groups based on
level of wealth. Our study was able to highlight differences in mobility
trends at the state level, revealing spatial and temporal differences in
mobility patterns during a pandemic.

Another highlight of the paper is the assessment of the effectiveness of
mobility-restricting policies as key lessons learned from the SARS-CoV-2
pandemic. We found that travel bans and federal lockdown policies
failed to restrict trip-making behaviour, but had a significant impact on
distance travelled. This led to a corollary in that people changed their
mobility patterns by reducing their number of long-distance trips and
replaced them with shorter trips. While this suggested some moderate
policy effects of the government’s orders, how it eventually benefitted
(or deteriorated) the public health situation under the pandemic needs
further evaluation. The fewer longer trips could mean fewer gatherings at
long-distance bus stations and airports. But would the increased number
of shorter local trips (and activities) lead to new public health hotspots
and community transmissions? The proposed approach can be further
developed to look at location-specific population density and assess
how that influenced local outbreaks.
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This paper contributes a first attempt to quantify human travel behaviour
and how mobility-restricting policies took effect. Its innovations are
three-fold:

»  The mobility measurements are new to the field and have filled a
major data gap in understanding how people travel and how travel
behaviour changed during the SARS-CoV-2 pandemic. The mobility
data could facilitate a variety of quantitative research studies related
to transportation and health that could not have been done before.

e The study is driven entirely by high-quality data samples and a data-
driven analytical framework. The framework can be directly applied
to study other localities and periods of interest. The framework
can also be adapted to develop additional measurements and
quantitative models with regard to human mobility patterns and
relevant policies and regulations.

e The study assesses the mobility-restricting policies via a time-
dependent random effect modelling practice. It quantifies the
effectiveness of those policies and derives policy implications that
are critical to develop travel-related guidelines in response to future
unprecedented epidemics and other infectious diseases.

Limitations of this study are acknowledged and will be the next research
focus. Admittedly, the study did not assess human movement between
areas, but focused primarily on understanding the magnitude of daily
human travel behavioural patterns and changes under the influence
of pandemic and mobility-restricting policies. As an immediate future
research direction, information on trip origins and destinations will be
incorporated to develop spatio-temporal models of human mobility.
The data representativeness was also not studied in terms of how the
quantified mobility resembles the actual mobility of an average Nigerian.
A large-scale household travel survey is not yet available in Nigeria
to be used as a benchmark for comparison. When developing human
movement patterns between areas and spatio-temporal models, we
will gather transportation network observations such as traffic data on
highways and tollways, and air and rail ticket sales as possible ways to
verify the data representativeness.

Secondly, the raw location data employed in this study was licensed
from third-party smartphone location data providers. As it is strictly
prohibited to make such highly sensitive data publicly available, part of
the study involving raw location data processing cannot be replicated. We
acknowledge this limitation. Such limitation will last long and hold true for
any research employing location-based service data. Possible solutions
may be developed using artificial intelligence generated contents and
synthetic data-generation methods. This will be a promising research
direction to enable a general understanding and a wider acceptance of
using such location-based data.

The research team will also work on expanding the study to South Africa.
As another important sub-Saharan African country with a significant
population, South Africa’s human mobility behaviour under different
waves of SARS-CoV-2 variants would offer valuable empirical evidence
for policymakers and health practitioners. The team plans to conduct a
bi-country statistical comparison of Nigeria and South Africa to analyse
the differences and similarities between the two countries when facing
a pandemic.
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