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Abstract The emergence of COVID-19 across the

globe prompted many countries to institute total

lockdown or other models of mobility restrictions to

mitigate the spread of the disease. On March 29th,

Nigeria instituted a nationwide lockdown. It is perti-

nent to understand the pattern created by this lock-

down. This could offer insights into how people

perceive the hazard and the level of compliance across

the States in Nigeria. Mobile phone-based mobility

data and the number of new cases from the beginning

to the end of the lockdown were utilised. The study

examines space-time trends across different place

categories at the state level. Place categories witnessed

mobility reduction as high as 56%, 57%, 65%, 75%,

38% for retail and recreation (RtRc), Grocery and

Pharmacy (GrPh), Park, and Transport Hubs (Trst)

respectively. Most States recorded mobility uptrend

towards workplace, retail and recreational areas.

Multiple correspondence analysis (MCA) identified

two dimensions from the Space-time trends. The first

dimension (D1) accounted for 66% of the variance.

Examination of the Object Scores from the MCA

showed that there are two classes–two risk perception

groups. The pattern of mobility recorded shows that

there is a variation in mobility restriction compliance

across the States. The trend groupings identified

captured an aspect of risk perception within each

State. Thus, pointing to difference in levels of risk

acceptance. With the level of misinformation cur-

rently being experienced worldwide, concerted efforts

should be made on improving risk perception to

prevent the re-emergence of the disease.

Keywords Community mobility � Risk acceptance �
Space-time trend � Risk perception � Mitigation

planning

Introduction

In December 2019, the news of the outbreak of an

emerging viral infection broke in the city of Wuhan,

China. The World Health Organisation (WHO) ini-

tially declared the outbreak a public health emergency

of international concern and later upgraded it to a

global pandemic, following its rapid diffusion to

several countries. Currently, the number of global

COVID-19 cases has surpassed the 9 million mark

while deaths arising from these cases are over

800,000. This has never been seen in contemporary

times. It is in fact unlike, the previous outbreak of

Severe Acute Respiratory Syndrome (SARS) of 2003
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and Ebola in West Africa of 2014. COVID-19, within

a short period, grew from a local event to a pandemic

affecting many people and places. This prompted

many countries to institute total lockdown or other

models of mobility restrictions to mitigate the spread

of the disease. OnMarch 29th the Federal Government

of Nigeria instituted a nationwide lockdown to miti-

gate the spread of COVID-19. This lockdown offers

one of the most potent tools at mitigating the spread,

however, it also presents a serious problem. With the

instituted restriction and the induced mobility reduc-

tion due to fear and apprehension, the effect on various

aspects of the society is going to be disparate over

space and across people. Thus, it is important to

examine the pattern of this mobility restriction across

the country, thereby offering insights into the potential

impact across the country. In this context, the study

examined variation in human mobility during the

lockdown period across the country. Therefore, pro-

viding an understanding of the pattern of mobility

restriction compliance and the indication this provides

for risk perception during this period. This under-

standing can provide baseline information for the

management of future infectious disease emergencies,

response and recovery (social and economic) plan-

ning, and evidence to support post-pandemic social

and economic development.

Devastating pandemics have existed since 541 A.D

when the world experienced the bubonic plague that

wiped out 25–50 million people in one year (Morony

2007). It was one of the worst outbreaks the world

experienced, and it lasted for another 225 years,

sweeping throughout the Mediterranean world until

750 CE. In the year of 1347–1351, the Black Plague

killed more than 75 million people in the Middle

Eastern lands of China, India, as well as Europe (Cohn

2002). The Spanish Flu pandemic, caused by an H1N1

virus with genes of avian origin, killed over 50 million

people in one year in 1918 (Cohn 2002). In America,

675,000 deaths were recorded; 2,000,000 in Sub-

Saharan Africa, and 500,000 in Nigeria, out of a

population of 18 million in less than 6 months

(Ohadike 1991).

Human mobility facilitates infectious disease trans-

mission. For COVID-19, rapid diffusion has been

attributed to domestic and international travel within

China and other countries. For instance, domestic and

international travelers from Wuhan, China facilitated

the spread, particularly during the annual Lunar New

Year celebrations. As travel restrictions were imple-

mented, this effectively slowed down the spread in the

early days of the outbreak (Chinazzi et al. 2020;

Kraemer et al. 2020). The recent cases in New Zealand

where 2 travelers from the UK were implicated in new

cases recorded in New Zealand with no new cases for

24 days (Graham-McLay, 2020) highlight the impor-

tance of human mobility for infectious disease spread.

From the foregoing, the relevance of mobility in the

spread of infectious diseases is apparent. There is a

clear indication that there is going to be another EID in

the future, therefore, there is a need to gather insights

from the current pandemic on what worked, failed, or

need to be improved upon in managing the pandemic.

Most especially, the compliance of the mobility

restriction and potentially the perception it can

indicate needs to be thoroughly explored.

Analyses of spatial patterns and distribution of

human activities and natural phenomena are often

leveraged for understanding spatial interaction and

consequently spread of ideas knowledge and in this

context, disease. Identification of the pattern of human

mobility and the number of new COVID-19 cases is

important. This offers an opportunity to examine the

effect of the mobility restrictions and thereby design

ways to ensure the effectiveness of measures to curtail

the spread of COVID-19. Human activities and

habitation are directly impacted by location and the

opportunity offered by transportation—human mobil-

ity. This interrelationship and dependencies often lead

to the increasing agglomeration of businesses, indus-

tries, and infections/diseases at specific locations (e.g.,

established urban centres). Similarly, there is a

tendency for the segregation of people with a similar

culture, tradition, behavior, social class, etc. across

different regions and locations.

Literature review

COVID-19 found its way into Nigeria through an

infected Italian national who has work engagements in

the country when he touched down in Lagos State on

February 27, 2020 (NCDC 2020). Being the third

zoonotic coronavirus outbreak of this century (Xie and

Chen 2020) with infection and mortality rate seem-

ingly higher than those of the other two–MERS and

SARS, its perilous nature cannot be disregarded (Kang

et al. 2020). This necessitated the nationwide

123

1544 GeoJournal (2022) 87:1543–1558



lockdown that was declared by the Federal Govern-

ment as a precautionary measure done by countries

world over. Nigeria took cognizance of the lock-

down’s effectiveness when the third confirmed case,

who was duly notified by the contact tracing team,

self-quarantined and later became symptomatic, was

cautiously isolated and successfully treated (Chia and

Oyeniran 2020) thereby mitigating community trans-

mission. By and large, the hardiness of public health

systems of countries plagued by the virus can have a

significant influence on the case and fatality fig-

ures (Paintsil 2020). Despite this, the restriction of

movement remains imperative in curtailing the spread

of the virus.

Human mobility has been known to be very

important in spreading infectious diseases. Balcan

et al. (2009) studied the interplay between short-scale

commuting flows and long-range air traffic in shaping

the spatiotemporal pattern of the global epidemic.

Their model showed that despite commuting flow

being one order of magnitude larger than long-range

air traffic, the spatiotemporal pattern of infectious

disease spread was mainly determined by airline

network and traffic. Furthermore, short-range move-

ments were found to be more important for synchro-

nization of the spreading across subpopulations which

are weakly connected by air transportation. They

found that short-range mobility has an impact on the

definition of the subpopulation infection hierarchy.

Riley (2007) reviewed studies on four different

diseases (measles, foot and mouth disease, pandemic

influenza, and smallpox). The work showed that the

major determinant of the geographic spread and

emergence of infectious diseases (and reoccurrence)

are disease-relevant human interactions (contact with

infected surfaces and person-to-person interaction)

and mobility across multiple spatial scales. Thus, at

the onset of the outbreak, or re-emergence of the

pathogen, disease incidence will most likely occur in

spatial clusters, as such if containment is activated, it

is possible to predict the spread of disease.

Jones et al. (2008) showed that from 1940 to 2004,

335 Emerging infectious diseases, showed a non-

random global pattern, most dominated by zoonoses

(60% of the EID and notable increases between 1990

and 2000) while about 72% of these originates from

wildlife. By controlling for spatial reporting bias

within countries, the study found that human popula-

tion density and wildlife host species richness are

significant predictors of the emergence of zoonotic

EIDs. In the case of Zoonotic EIDs from the non-

wildlife hosts, human population density, growth rate,

latitude, and rainfall were found to be significant

predictors. EID emergence caused by drug resistance

has population density and growth as well as latitude

and rainfall as significant predictors. The population

density was the only significant predictor of vector-

borne EID emergence. The origins EID were found to

be significantly correlated with socio-economic, envi-

ronmental, and ecological factors. Contrary to previ-

ous analyses indicating pathogen species richness

increase towards the equator, the study indicated that

EID events are mostly concentrated around 30� and

60� north and 30–40� south.
Adepoju and Soladoye (2020) held the view that for

a vivid comprehension of the epidemic’s transmission

patterns, geographical perspective must be considered.

Moreover, being that social sciences provide compre-

hensive and robust insights when researching the

effects of infectious disease outbreaks on communities

and populations socially, contextually, and behav-

iorally (La et al. 2020), it is crucial to incorporate them

in epidemiology. Based on this, the perception of the

disease’s threats and the compliance level by the

populace can be scientifically deduced. For COVID-

19 pandemic awareness measures, Olapegba et al.

(2020) utilized descriptive statistics to depict the risk

perception and precautionary health behaviors as

observed by Nigerians. The results of their findings

showed that out of 1357 respondents, 66.91% believed

there is a high chance of them contracting the virus in

Nigeria, 17.46% think they cannot get infected while

15.62%were undecided. On some of the precautionary

health behaviors, up to 84.75% indicated their readi-

ness to self-isolate when required to, 10.10% think

otherwise while 5.16% were indifferent. Also, 79%

abstained from going to public places, 12.16%

opposed to it while 8.84% were on either side.

However, on the use of face mask, 52.98% were

willing to comply, 33.31% found it discomforting and

13.71% were undecided.

Anchored on perception and impact of the pan-

demic in Nigeria, Akintuyi et al. (2020) in their work

revealed that of the 303 respondents, 87% acknowl-

edged the presence of the COVID-19 virus in Nigeria

while 13% thought it was a hoax. On the other hand,

the movement restriction order hugely affected 80.5%

of the respondents and their livelihood while 19.5%
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did not feel the effect. In their paper, Taiwo and

Olumoyegun (2020) demonstrated how distance

played a role in the transmission of the virus in

Nigeria—from Lagos to other State Capitals. Catego-

rizing the States with International airports, domestic

airports, and no airports accordingly, the results

showed high variations in the reported case figures for

States with International airports as against those

States with domestic or no airports. Also, they noted

that there was a statistically significant difference

between the three groups. Abdullahi and Abdulkadir

(2020) analyzed the role of temperature in the

dispersion of the COVID-19 virus across geopolitical

regions and States in Nigeria with the aid of Linear

Trend Surface analytical tools. Their research further

established that no significant relationship exists

between varying temperatures across States and

COVID-19 spread.

In assessing compliance with the mandatory stay-

home order and its attendant socio-economic effects

on the populace, Olabamiji and Ajala (2020)

employed online questionnaires in acquiring data.

With 177 respondents, while 68.9% could neither go

to work nor do anything productive from home, 13%

were not fully engaged in their work and 18.1% did not

disclose their work status during the lockdown. On the

part of its effects, 68.9% lived on their savings, 13%

borrowed funds, 7.3% on salary, 5.7% depended on

farm produce, 2.3% each on gifts from relatives and

palliatives respectively while 0.6% benefitted from

their businesses. Addie et al. (2020) portrayed States

ranked in order of their vulnerability to COVID-19 in

Nigeria. With the aid of select population-based

indicators, they performed a stepwise regression

analysis on their data to point out different vulnera-

bility levels. Results obtained showed Kebbi State was

the most vulnerable with 39.82 points followed by

Zamfara at 39.27 points and then Sokoto at 39.24

points. Based on Geopolitical Zones, North West

ranked as the most vulnerable with North East in

second place and North Central in third place. In a

similar vein, Fasona (2020) utilized some core trans-

mission drivers to analyze and create maps, at the State

level, to show their respective vulnerability level to the

virus. The results indicated that 7 States (Lagos, FCT,

Kaduna, Katsina, Kano, Rivers, and Oyo) had very

high vulnerability, 17 States had high vulnerability

while that of 13 States stood at medium vulnerability.

In modeling COVID-19 transmission predictively

in Nigeria as was influenced by traveling history and

contacts, Ogundokun et al. (2020), using the number

of cases data from the NCDC, applied the ordinary

least squares estimator in generating a regression

analysis model which showed both the daily effects in

travel history and contact rates on confirmed cases.

Between the months of March and May 2020, the

results indicated a 4.8% reduction in COVID-19 cases

in comparison to the expected figures as a result of the

travel ban on both local and international flights. They

also noted that the populace chances of contracting the

virus due to their travel history and contacts they made

increased by 85% and 88% respectively.

Data and methods

Study area

Nigeria as a federation has 36 states and Abuja as the

Federal Capital Territory (FCT)—Fig. 1. The States

are further divided into 774 LGA spread over an area

of 923,768 square kilometres, including about

13,000 Km2 of water. The work of Lawal and Anyiam

(2019) provides more details about the study area.

Data sources

Mobility data were sourced from the Google COVID-

19 mobility report (Google LLC 2020). The dataset

represents the percentage change in mobility around

six place categories from their baseline. The period

under consideration for this study spans the lockdown

period i.e. between March 29 and June 30, 2020. The

places categories captured are:

I. Grocery and pharmacy: grocery markets, food

warehouses, farmers markets, specialty food

shops, drug stores, and pharmacies. (GrPh)

II. Parks: local parks, national parks, public

beaches, marinas, dog parks, plazas, and public

gardens. (Park)

III. Transit stations: public transport hubs such as

subway, bus, and train stations. (Trst)

IV. Retail and recreation: restaurants, cafes, shop-

ping centres, theme parks, museums, libraries,

and movie theatres. (RtRc)

V. Residential: places of residence. (Resd)
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VI. Workplaces: places of work. (Wkpl)

Furthermore, the sum of the place categories except

the Residential were summed and explored.

Data for the new cases were collated from the

Humanitarian Data Exchange website, under the

COVID-19 Pandemic initiative (Backup Rural 2020).

Methods

To capture the distribution of mobility across the study

area, choropleths of median mobility were produced.

These were produced using SPSS (IBM 2015), for

each of the place categories as well as the aggregate of

all the place categories (except the residential

categories).

Space-time analyses of aggregated mobility values

were carried out within a Geographic Information

System (GIS)—ArcGIS (ESRI 2019). This was done

to identify the Spatio-temporal clusters of mobility

across the lockdown period. Trends were discerned

across the study area over time using theMann-Kendal

Test (Kendall and Gibbons 1990; Mann 1945). This

approach is a rank correlation analysis for the bin

count (sum of value) and their respective time

sequence. Each period is compared to the one before

it and an increase results in a value of ? 1 (an increase

over time) while a decrease results in 1 (a decrease

over time) and a tie result in zero (no trend over time).

This was computed for each time slice (day) and the

sum of this was computed for each of the spatial units

(States). These sums were compared to the expected

sum of zero (no trend over time) and using the variance

of the values, as well as number of ties and the number

of time slices, as the observed is compared to the

expected to deduce the z score and a p-value. The

trends across each sector were examined at weekly

(14) intervals for each State.

Trend categories identified from the Space-time

analysis were subjected to Multiple Correspondence

Analysis. This was carried out to group quantify the

nominal categories by assigning numerical values to

each State and grouping them. This analysis does

maximise intergroup differences and minimise intra-

group differences, thus creating homogenous groups

based on the trend of mobility across each State. The

trend of mobility for the six place categories was

utilised for this analysis. The initial analysis assumed

there are two dimensions. An equal weight of 1 was

given to each of the variables as there was no scientific

justification to assign unequal weight. For discretisa-

tion, the multiplication approach was adopted. This

comprises of standardisation of values, multiplication
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by 10, rounding off, the addition of constant value (to

ensure the lowest value is 1). Object principal

normalisation method was applied as this optimises

for the distance between objects thus, ensuring that

within group similarity are minimise and between

group are maximised. The results of this analysis

would provide insight into the potential grouping of

risk perception based on the mobility trend.

Results and discussion

Place category aggregated mobility trend

Retail and recreation

For the retail and recreation category (Fig. 2a), Sokoto

showed median mobility of zero while some States

experienced an increase (compared to baseline)

mobility for this place category. Zamfara showed a

very high increase in mobility (median 51%). Kebbi,

Borno, Yobe, Gombe, and Ebonyi represents a group

of State with relative median mobility decline of less

than 10% (relative to baseline). The greatest decline

(ranging between 45 and 56%) in mobility were

recorded across various States (Ekiti, Kaduna, Lagos,

FCT, and Edo) spanning various regions of the

country. The largest decline was recorded for Edo

State. Generally, most of the States recorded median

mobility decline ranging between 44% and 10%.

Parks

In the Parks place category (Fig. 2b), Gombe State is

the only State with the increased median mobility

across the country during the period under investiga-

tion. Abia, Adamawa, Jigawa, Ebonyi, Bayelsa, and

Bauchi State showed a slight decline in mobility

(relative to baseline) ranging between 7% and 1%.

FCT, Benue, Ekiti, and Lagos witnessed the highest

decline ranging between 65% and 45%. While the

remaining States recorded declines between 39% and

10%.

Grocery and pharmacy

For this place category, all the States witnessed a

decline relative to their baselines for the period under

consideration (Fig. 2c). The lowest decline was

recorded for Yobe State (3%) and the greatest was

Fig. 2 Median of aggregated mobility across States for place categories a Retail and recreation; b Parks; c Grocery and pharmacy;

d Transit stations; e Workplaces; and f Residential
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recorded for Zamfara State (57%), this was followed

by Ekiti (51%), and Kano (41%). Most of the States

(67%) recorded a relative decline ranging between

39% and 10%.

Transport stations

This place category witnessed a relatively high

mobility decline ranging between 75 and 3 (Fig. 2d).

Three States namely Ebonyi, Nasarawa, and Niger

recorded a median mobility value indicating a slight

increase relative to their baseline values (3%–4%).

Kebbi and Kogi showed a slight decline of 3% while

70% of the geographic units considered recorded

decline ranging between 44% and 14%. Six States

(including the FCT) showed a considerably high level

of decrease in mobility with a median change from

baseline ranging between 75% for the FCT and 44%

for Rivers State.

Workplaces

Zamfara recorded a median increase of 5% relative to

the baseline mobility for the Workplaces category

(Fig. 2e). This is the only outlier State for this category

(i.e. it bucks the trend of declining mobility for this

category). States like Yobe, Bauchi, Katsina, Kogi,

and Adamawa recorded a slight decline median values

raging between 9% and 2%. Most of the States

recorded a decline C 10% while four geographic

units—Kwara, FCT, Kano, and Lagos recorded a

decline above 30%.

Residential

This place category witnessed a high mobility

increase, with a relative percentage increase ranging

between 0 and 28% (Fig. 2f). The largest increase is

recorded for Lagos (the epicentre of the COVID-19

infection in Nigeria) while the lowest (no change in

mobility) is recorded for Kogi (one of the last State to

record a COVID-19 case). This is a wide variation in

the increase across different States and regions, with

about 65% of the State recording 10% or more median

mobility increase for this place category.

Summed mobility across unsafe place categories

Mobility values for all the place categories except

Residential were summed to indicate mobility across

places where infection may be spreading (unsafe).

This term unsafe is relative in this context since there

is a possibility that mobility towards residential areas

could also spread the disease (Community spread).

The median mobility (Fig. 3) for these unsafe cate-

gories showed a general reduction in mobility with the

lowest mobility decline recorded for Ebonyi State

(34.5) while the greatest decline was recorded for FCT

(237). This computation gave a cumulative overview

of how mobility varied for these place categories

across States. 21 out of the 37 States and FCT showed

a cumulative decline above 100, while only three

States (Ebonyi, Kebbi, and Zamfara) recorded a

cumulative decline of less than 50. From the values,

four major hotspots for the decline could be identified

around Lagos, Ekiti, FCT (Kaduna, Kano) as well as

Akwa-Ibom State.

Space-time trend of mobility

Mobility trend for retail and recreation

Examination of the weekly aggregated mobility for the

retail and recreation category showed that 7 states

exhibited no statistically significant trend (Fig. 4a).

Five of these States spanned across the north–west and

north-eastern part of the country while the other two

can be found in the south (Bayelsa) and the middle belt

(Taraba). Three States showed a statistically

Fig. 3 Cumulative mobility across unsafe place categories
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significant downtrend for mobility for this place

category, with all of them in the northern part of the

country. All other States displayed an uptrend in

mobility for this place category.

Mobility trend for parks

For Parks, most of the States showed no statistically

significant trend (Fig. 4b). However, Bayelsa and

Abia States showed a downward trend in mobility for

the category. All the other States (in the Southern part

and the middle belt of the country) showed an upward

trend in mobility.

Trend mobility for grocery and pharmacy

Yobe and Gombe States recorded a declining trend for

mobility in the Grocery and Pharmacy place category

(Fig. 4c). Twelve States across the north-western,

north-eastern, middle belt, and southern (Bayelsa and

Cross River) parts of the country displayed no

statistically significant trend in mobility for this place

category. The remaining States spread across different

parts of the country—mostly in the southern part

displayed a statistically significant upward trend of

mobility for this place categories.

Trend mobility towards transportation hubs

For this place category, the trend of mobility revealed

that there are three contiguous regions across the

country (Fig. 4d). Kaduna, Plateau, and FCT formed a

region of uptrend across the central part of the country,

while the States from Kwara to Lagos down to Delta

and Abia formed another contiguous region with a

statistically significant uptrend in mobility. A con-

tiguous region of no statistically significant trend

surrounds Kaduna, FCT, and Plateau uptrend region.

This region of no discernible trend extends down to

Ebonyi, Cross River, Akwa-Ibom, Rivers, and Bayelsa

State.

Trend mobility towards workplaces

Only a handful of States (Borno, Jigawa, Kano,

Katsina, and Sokoto) showed no statistically signifi-

cant trend in mobility for workplaces. Most States

showed an upward trend in mobility during the period

under consideration.

Trend mobility toward residential areass

For the residential place category, two States–(Benue

and Kogi) showed an upward trend in mobility. This

could be attributed to a late onset of infection recorded

in these States. Most of the States across the north-

eastern and north-western regions of the country

showed no discernible trend of mobility. However,

from Kano down to Abuja and Nasarawa, Niger to

Lagos, Ondo through Imo to Cross River, there is an

upward trend of mobility. Ebonyi, Rivers, and Bayelsa

are outliers with no definite mobility trend while being

surrounded by States with a clear trend.

Space-time trend of new cases

A look at the new cases of COVID-19 diagnosed

during this same period (Fig. 5) revealed that there is a

statistically significant uptrend across many States of

the federation. Osun, Cross River, and Taraba States

represent a group of outliers, as they have no

statistically significant trend and are surrounded by

other States with an upward trend in the number of

(weekly) new cases. Sokoto, Zamfara, Kano, Jigawa,

and Yobe State also have no discernible trend,

however, they have neighbours with an upward trend

in the number of new cases (Fig. 5).

Grouping of mobility trend categories

The multiple correspondence analysis identified two

dimensions within the mobility trend designation

recorded for each State for the six place categories

(Table 1). The first dimension (D1), showed as high

internal consistency (Cronbach’s Alpha = 0.898) with

an explained variance of 66%. The second dimension

(D2) has explained a lesser proportion of the variance

across the variables and has a lower level of internal

consistency.

The summary from Table 2 shows how correlated

each of the quantified variables is related to the

dimensions. Most (4) of the variables loaded highly

(measures C 0.700) into D1 while none have similar

attributes for D2. This explained why D1 has a lower

percentage of explained variance and lower internal

consistency.

From the result (Table 2), there is an indication that

D1 is the most relevant dimension for subsequent

discussion. Hence, the distribution of the Object
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Scores for D1 for each State was represented in Fig. 6.

From Fig. 6, there are some contiguous regions with

similar characteristics across the northern and

southern regions of the country. While there is an

element of a divide across the two regions, the

difference is pronounced along the south-west and

Fig. 4 Space-time trend (weekly) of State-level aggregated mobility for place categories a Retail and recreation; b Parks; c Grocery
and pharmacy; d Transit stations; e Workplaces; and f Residential
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spanned across the south–east with distinct character-

istics for Rivers, Bayelsa, Cross River, and Ebonyi

States. Across the central part of the country, Niger

and Kogi exhibited distinct characteristics (Object

Score for D1) compared to their neighbors. Similarly,

Kaduna and FCT also showed distinction in D1 object

score when compared to their neighbors.

Two-step cluster analysis (IBM 2016) was carried

out to examine the natural groupings that may exist

within D1 Object Scores. The internal consistency of

the members within the groups identified was exam-

ined using the Silhouette measure of cohesion and

separation (Rousseeuw 1987). For this measure,

cluster set with Silhouette measure value[ 0.5 is

considered to have a good cluster quality while\ 0.5

but[ 0.2 is considered fair.

The summary of the auto-clustering operation

presented in Table 3, indicated that two clusters are

the optimal number of clusters from the D1 object

scores. The identification of two clusters is because the

highest ratio of distance measure (Table 3) is greatest

Fig. 5 Space-time trend of new cases (weekly) for the period under study across States

Table 1 Model summary

of the multiple

correspondence analysis

aMean Cronbach’s Alpha is

based on the mean

Eigenvalue

Dimension Cronbach’s alpha Variance accounted for

Total (Eigenvalue) % of Variance

1 0.898 3.977 66.279

2 0.607 2.024 33.729

Total 6.000

Mean 0.800a 3.000 50.004

Table 2 Discriminant measures summary for identified

dimensions

Variables Dimension

1 2

Trend_Grph 0.687 0.436

Trend_Park 0.702 0.050

Trend_Resd 0.773 0.423

Trend_RtRc 0.566 0.522

Trend_Wkpl 0.536 0.502

Trend_Trst 0.712 0.091

Active Total 3.977 2.024

% of Variance 66.279 33.729
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at 4.690 when the number of clusters is 3 compared to

4.453 for 3 clusters and 2.708 for 6 clusters.

Based on this result, the cluster distribution showed

that 18 States (51.4%) belong to Cluster 1 while the

remaining belong to Cluster 2 (Fig. 7). This clustering

exhibited a good cluster quality (internal consistency)

with a silhouette measure of 0.8. The object score

utilised is a multidimensional index quantify the trend

of mobility across six place categories during the

national lockdown period. As such the groups iden-

tified could give a reflection of the perception of risk of

infection among people of each group of States.

Examining the cluster membership against the

trend categories depicted in Fig. 4a–f, the association

can be identified (Table 4). Cluster 2 members are

mostly showing uptrend for Grph Park, and Trst while

most of them recorded a downtrend for Resd. The

mobility trend for RtRc and Wkpl could not distin-

guish between the two clusters. However, for Resd,

Cluster 2 is quite distinct with most members having a

downtrend in mobility, while most members of Cluster

show no discernible trend. Most members of Cluster 1

also showed no discernible trend for Grph, Park, and

Trst.

Discussion

State median mobility

There is a wide variation in changes from baseline

mobility for this period across the country. Residential

witnessed an overwhelming increase towards it while

all the other place categories witnessed a decline

relative to baseline. Moreover, there is no clear-cut

regional pattern discernible from the median mobility

values for all the place categories. Furthermore, while

cumulative mobility for the unsafe place categories

identified some hotspots of decline, a north–south

divide is evident from the pattern. However, highly

populated States such as Kaduna and Kano in the

northern part of the country bucked that trend.

Space-time pattern/trend

As the lockdown draws longer, mobility toward retails

and recreation facilities is ticking upwards. This is an

indication that people need to get necessities and earn

a living, movement cannot be effective if there are no

alternatives to earn and secure daily needs. For Parks,

there seems to be a North–South divide in the mobility

Fig. 6 Distribution of D1 object scores across the States
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trend. While mobility is picking up in the south, there

is no clear trend recorded in the north. This could be

attributed to the spread of the disease from the south

towards the north. Many groceries and pharmacies in

most States are allowed to open, albeit, some restric-

tions, this place category is expected to witness

Table 3 Summary of the auto-clustering diagnostic for the two-step clustering analysis

Number of clusters Schwarz’s Bayesian criterion (BIC) BIC changea Ratio of BIC changesb Ratio of distance measuresc

1 32.365

2 20.920 11.444 1.000 4.690

3 24.163 3.242 283 4.453

4 30.491 6.328 553 1.106

5 36.905 6.414 560 2.340

6 43.781 6.877 601 2.708

7 50.876 7.094 620 1.001

8 57.970 7.094 620 2.155

9 65.133 7.163 626 1.385

10 72.312 7.179 627 2.090

11 79.514 7.201 629 1.183

12 86.718 7.205 630 1.294

13 93.927 7.208 630 1.385

14 101.139 7.212 630 1.398

15 108.354 7.215 630 1.381

aThe changes are from the previous number of clusters in the table
bThe ratios of changes are relative to the change for the two-cluster solution
cThe ratios of distance measures are based on the current number of clusters against the previous number of clusters

Fig. 7 Distribution of D1 Object Scores cluster across the States
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increased mobility. This is partly due to the need to

meet daily necessities and the need to take care of

other existing or new ailments.

Mobility towards transportation hubs indicated that

across States where infections were discovered earlier

and States around them, people are beginning to

accept the risk and travel more. In essence, people are

making decisions (to travel) despite the constraints

(Zsolnai 1998)—the risk of exposure, potentially lack

of full understanding of the disease, and their chances

of survival. The mobility trend for the workplaces

indicated that fatigue is taking hold, and more people

are moving towards their workplaces. This could be as

a result of the overwhelming population of people who

need to earn daily to survive despite the risk. Thus, as

more people gravitate toward their workplace the

mobility trend recorded for residential areas is not

surprising. Across most States, people are venturing

out more as the fatigue of staying at home gets

overwhelming, and the need to earn a living is

becoming more dominant on their mind.

For reported new cases, the upward trend during the

lockdown could be partly attributed to the varying

level of enforcement of the mobility restriction,

coupled with the need for many people to seek their

daily income. This may have increased people’s

exposure and consequently infections. The ‘info-

demic’ of misinformation—many conspiracies and

fake news about the virus circulating on social media

and the internet (Zarocostas 2020) may also be partly

responsible for this trend as there is a lot of scepticism

across many parts of the country. Write-ups and

messages about instant remedies for the virus and

several race targeted news were being propagated on

various platforms (Rathore and Farooq 2020). This

surely will impact how seriously people considered

the need to respect the mobility restriction orders.

From the trend, there is an indication that mobility

decision is being guided across most States by the risk

acceptance principle. Mobility is picking up with

people likely considering COVID-19 as just one of

those ailments they are likely to get, as such they are

willing to take the risk.With many States also having a

few cases, there is also the tendency for people to

underestimate the risk. Most significantly, the need to

earn a living is a more dominant driver of mobility as

evident in the uptick in mobility towards transporta-

tion hubs, workplaces, and downward mobility trends

for residential areas. Recent studies showed that in the

United States of America, COVID-19 infection rates

increased with city size (Stier et al. 2020). Thus, the

spread is effectively aided by mobility and proximity

to urban landscapes as the quantum of cases is

considerably higher for highly urbanised and densely

populated States. Therefore, the increase in mobility

across most States, is an indication of either poor

perception of the risk posed by increased mobility and/

or adoption of risk avoidance (non-pharmaceuticals)

measures.

While some can afford to stay at home, many

cannot as they must earn their living every single day

evidently, the mobility restriction is a luxury for some

Table 4 Crosstabulation of

trend category and cluster

designation

Place category Cluster Downtrend confidence Not significant Uptrend confidence Total

99% 95% 90% 90% 95% 99%

Trend_Grph 1 0 1 1 12 1 3 1 19

2 0 0 0 0 1 5 12 18

Trend_Park 1 0 1 0 18 0 0 0 19

2 0 0 1 3 3 5 6 18

Trend_Resd 1 1 2 1 14 0 1 0 19

2 14 2 1 0 0 0 1 18

Trend_RtRc 1 3 1 0 3 0 2 10 19

2 0 0 0 0 0 0 18 18

Trend_Wkpl 1 0 0 0 6 0 2 11 19

2 0 0 0 0 0 0 18 18

Trend_Trst 1 0 0 0 18 0 1 0 19

2 0 0 0 3 0 5 10 18
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and a severe cost for others. It is thus evident that the

mitigation measures taken by each country will

determine the course of the pandemic (Anderson

et al. 2020). For example, there is evidence showing

that as travel restrictions were implemented, this

effectively slowed down the spread in the early days of

the outbreak (Chinazzi et al. 2020; Kraemer et al.

2020). While this may be the case, prolonged

lockdown without adequate provision to manage the

individual challenges such posed to many households

(especially in Nigeria where many required daily

income to survive) will likely witness the waning of

compliance as observed. This category of households

as well as the rural dwellers were least compliant to the

measures (Carlitz and Makhura 2020). It is well

established that vulnerability and extent of the impact

of disaster or hazard are a function of location as well

as the socio-economic circumstances of the people

affected (Lawal and Arokoyu 2015).

From the mobility trend during the pandemic, some

indications of risk perception could be deduced. For

example, the level of risk acceptance is almost similar

across most States especially considering their mobil-

ity towards retail, recreation, and workplaces. How-

ever, from the mobility around residential area Cluster

2 States are venturing out (more acceptance) while

Cluster 1 States are neither here nor there about

venturing out—an indication of uncertainty about the

risk. This uncertainty was also indicated in their

mobility towards Parks, grocery, and pharmacy as well

as transport hubs. The result indicated how knowl-

edge, experience, values, attitudes, and feelings influ-

ence the judgement and decision about the

acceptability and seriousness of risk–risk perception

(Slovic 1987). There are differences between volun-

tary (knowingly taken risk) and involuntary (risk we

are unable to control or not aware of) risk perception

and the public willingness to accept voluntary risk is

several folds greater than that of involuntary risks

(Smith 2013). The way people view risk or perceived

it is a major problem for mitigation. This was evident

from the way varied mobility across the different

Cluster of States. Therefore, actions taken by people

(prevention and avoidance) is a function of their

perception of the hazard (Coppola 2011). This

perception also skews how they view the conse-

quences and the likelihood of them getting infected. In

essence, the actions captured by mobility gave a

general indication of some aspects of peoples’

perception of the risk, consequences and likelihood

them getting infected.

Conclusions

While it might be too early to conclude on the effect of

the mobility restriction on the COVID-19 spread and

cases, it is noteworthy that the extent of compliance

varies from State to State as evidenced by the findings

from this study. Thus, we might expect the evolution

of the spread of the disease to follow the pattern of

compliance with non-pharmaceutical measures e.g.

mobility restrictions, use of face mask, hand washing,

restriction of large number gatherings, etc.

From the space-time analyses, we can conclude that

mobility evolved along the line of necessities for each

of the place categories i.e. high decline for most and

concurrent increased for residential at the beginning of

the lockdown followed by gradual increase for all

others except residential towards the end of the

lockdown.

As mobility started an uptrend even during the

lockdown period, there is an indication that generally,

peoples’ perception of the disease is to consider the

pandemic as a voluntary risk. Thus, the need to earn a

living is much more overwhelming than to stay at

home and be safe. Higher resolution and multidimen-

sional data would be required to ascertain how this

plays out among different groups of people. But it

could be expected that the perception may differ from

person to person.

There was an increase in number of cases during the

lockdown, it is possible to conclude that this is as a

result of the non-compliance with the lockdown

protocols and potentially in the increase in testing—

leading to quicker identification of infected persons.

The changes in compliance over time as indicated by

mobility changes gave an indication of changes in risk

perception and acceptance aggregated at the State

level. Thus, the conclusion is that mobility, could

indicate how people perceive the risk they are exposed

to and the level of risk they are willing to take.

However, further research on risk perception and risk

compensation during the pandemic is pertinent to

examine this in more detail.

The study utilised smartphone-based location data,

thus, the mobility of people without GPS enabled

smartphone is not captured and people with phones
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without google location history enabled are not

captured. Thus, the data is incomplete but in the

absence of mobility data for this period, there are no

other alternatives. However, the data can indicate

mobility during this period which is critical in tracking

the distribution pattern as well as in predicting the

number of cases in the various States.

From the foregoing, it is pertinent that risk percep-

tion and risk acceptance should be tracked and

understanding from such be incorporated in the

management of the pandemic. As restriction and

information fatigue sets in, there is need to device

means to change behaviour and stimulate actions and

attitude that will ensure people stay safe and prevent

the spread and resurgence of COVID-19 across

various communities.
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