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Abstract

Background: To mitigate the spread of the COVID-19 coronavirus, some countries have

adopted more stringent non-pharmaceutical interventions in contrast to those widely used (for

e.g. the state of Kuwait). In addition to standard practices such as enforcing curfews, social dis-

tancing, and closure of non-essential service industries, other non-conventional policies such

as the total confinement of highly populated areas has also been implemented.

Methods: In this paper, we model the movement of a host population using a mechanistic

approach based on random walks, which are either diffusive or super-diffusive. Infections are

realised through a contact process, whereby a susceptible host may be infected if in close spa-

tial proximity of the infectious host. Our focus is only on the short-time scale prior to the

∗Corresponding author: Ahmed.D@gust.edu.kw
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infectious period, so that no further transmission is assumed.

Results: We find that the level of infection depends heavily on the population dynamics, and

increases in the case of slow population diffusion, but remains stable for a high or super-

diffusive population. Also, we find that the confinement of homogeneous or overcrowded

sub-populations has minimal impact in the short term.

Conclusion: Our results indicate that on a short time scale, confinement restrictions or com-

plete lock down of whole residential areas may not be effective. Finally, we discuss the possi-

ble implications of our findings for total confinement in the context of the current situation in

Kuwait.

1 Introduction

The novel coronavirus SARS-CoV-2 referred to by the World Health Organization (WHO) as

COVID-19 (Coronavirus Disease 2019) is believed to have started from an animal source in Wuhan

City, Hubei Province, China in December 2019 (Wu et al., 2020; Zhou et al., 2020). Since then,

the disease has spread worldwide, across 188 countries, territories and regions, making it a global

health emergency (Coronavirus Research Center, 2020; Sohrabi et al., 2020). On 11th March, the

WHO officially classfied the COVID-19 outbreak as a pandemic. As of July 22nd 2020, COVID-

19 has infected 14,960,136 individuals of which 616,769 deaths have occurred and 8,480,064

have recovered, making the total active infected cases 6,480,072 (Coronavirus Research Center,

2020). Whilst most symptomatic cases are mild, characterised by a persistent cough and fever, a

significant proportion of cases are more serious, where individuals develop pneumonia - leading

to acute respiratory failure, which can possibly be fatal. A combination of vastly different non-

pharmacological measures have been adopted by national governments to suppress the growth of

the epidemic, such as: travel bans, school closures, social distancing, imposed curfews, household

quarantine, complete lockdowns, etc (WHO report, 2019). The extent to which of these strategies

are most effective, including their timing, is not entirely clear. Although studies have attempted to

identify key intervention policies (Prem et al., 2020; Ferguson et al., 2020), others have highlighted
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those which are ineffective (Munro and Faust, 2020; Viner et al., 2020).

COVID-19 is highly contagious and more infectious than initially thought, where improved

estimates have shown that during the early stages of the epidemic spread, the number of infected

individuals can double every 2.4 days (Sanche et al., 2020). The virus continues to spread in a sim-

ilar way to influenza, via respiratory droplets from coughing or sneezing. Therefore, the primary

mode of transmission is attained through a ‘contact’ process, i.e. if susceptible individuals are in

close spatial proximity of infectious hosts (Fofana and Hurford, 2017). Once a person is infected,

for most people (approx. 81%), no symptoms will show (Wu and McGoogan, 2020). For others,

the time between exposure to the virus (becoming infected) and symptom onset, is on average 5-6

days, but can range from 2-14 days (Linton et al., 2020; Lauer et al., 2020). It is also estimated

that a virus carrier will typically only become infectious around 1-3 days before symptoms appear

(Wei et al., 2020). How long it takes, and to what extent asymptomatic individuals transmit the

disease is not completely understood (Bai et al., 2020; Rothe et al., 2020). The preceding suggests

that given contact between susceptible and infectious hosts, for an initial period of many days, the

only, or at least primary means of the virus spreading will be from the initial infected individual

to others, without further transmission. This early period will have qualitatively different virus

spreading characteristics as compared to the later stages, where newly infected individuals can

also spread the disease. Hence it is of interest to study the short-time dynamics of infection levels

and of the subtle interplay between the processes involved on this time scale (Volpert et al., 2020;

Kucharski et al., 2020).

Mechanistic movement models provide an alternative modelling approach to conventional epi-

demiological models (SIR, SEIR), as a means to better understand the dynamics of disease spread

(Lessler et al., 2016; Frasca et al., 2006; Buscarino et al., 2008; Fofana and Hurford, 2017). One

advantage is that the spatial proximity between individuals is explicitly accounted for through in-

dividual movement rules, where susceptible individuals come into close contact with infectious

hosts, and are possibly infected. Therefore, movement behaviours and the contact patterns that

emerge due to these encounters directly relate to disease transmission. In terms of mathematical
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modelling, Random Walks (RWs) serve as a useful modelling tool to track the movement of in-

dividuals in a population across space and time (Codling et al., 2008; Gallotti et al., 2018). A

basic description is given by the Correlated Random Walk (CRW), where the orientations between

successive steps are correlated, resulting in a localized directional persistence (Patlak, 1953; Hall,

1977; Bovet and Benhamou, 1988; Kareiva and Shigesada, 1983). This means that individuals in

the short term are more likely to keep moving in the same direction than to perform abrupt turns.

In the absence of directional persistence, the CRW reduces to the Simple Random Walk (SRW),

which can be considered as a special case, so that the movement is uncorrelated and completely

random (Lin and Segel, 1974; Okubo, 1980). In the case of a population of non-interacting in-

dividuals, such movement processes are known to be diffusive, particularly at large spatial scales

(Skellam, 1951; Spitzer, 1976). In movement ecology, the CRW is supported by empirical evidence

from animal movement data, and thus frequently used to model animal movement paths (Kareiva,

1983; Kareiva and Shigesada, 1983; Fortin et al., 2005; Albertsen, 2019). However, in the case of

more complicated movement types, such as that observed for humans, the CRW does not provide

an adequate description, but can still serve as a null model. To the best of our knowledge, no

epidemiological studies have considered host movement as a CRW - even in disease ecology.

Another conceptual tool for modelling movement is the Lévy Walk (LW), where the indi-

vidual performs short steps forming clusters, with the occasional longer step in between them

(Viswanathan et al., 2000; Klafter and Sokolov, 2011; Reynolds, 2018). If the LW is oriented dur-

ing the clustering phases, the corresponding movement type is referred to as the Correlated Lévy

Walk (CLW). In contrast to the CRW, the movement pattern is much faster, and super-diffusive.

It is now generally accepted that some animal species perform LWs (Viswanathan et al., 1996;

Ramos-Fernandez et al., 2004; Sims et al., 2008), particularly in context-specific scenarios such

as foraging, and known to describe an efficient searching strategy where resources are scarce and

randomly distributed (Viswanathan et al., 1999; Bartumeus and Catalan, 2009; Reynolds, 2013).

Alongside this, there is growing empirical evidence that human movements may also exhibit Lévy

type characteristics. Such inferences have been reached from studies on the daily movement pat-
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terns of humans, traces of bank notes, mobile phone users’ locations and GPS trajectories (Gon-

zalez et al., 2008; Song et al., 2010; Rhee et al., 2011; Zhou and Kot, 2011; Gallotti et al., 2015).

Therefore, a LW description could be useful to study a wide variety of challenging issues; such as

traffic prediction, urban planning, and in the context of our study, epidemic spread (Balcan et al.,

2009). Despite the clear motivation, few studies have focused on epidemics in populations where

the host population performs a LW. As an example, it was demonstrated in (Buscarino et al., 2010)

that a disease outbreak is more likely for similar density populations where individuals perform

the LW, instead of the SRW.

In this paper we use a mechanistic description based on RWs to model the movement of sus-

ceptible and infectious hosts in 2D space. We consider the early stage of epidemic development,

during the incubation phase prior to the infectious period, where it is assumed that the virus cannot

be further transmitted. We demonstrate how different modes of host movements can lead to varying

levels of infections. In addition, we consider various confinement scenarios for both homogeneous

and overcrowded populations, where the movement is restricted to a certain area. Thus, we reveal

whether confinement is effective in mitigating disease spread, at least on a short time scale.

2 Methods

2.1 Random walk framework

The movement of a walker in 2D space along a curvilinear path in continuous space-time, x =

x(t) = (x(t),y(t)) can be modelled using a discrete time random walk (RW) which links individual

location xi−1 at time ti−1 to the next location xi at time ti. Each location is recorded at ti = i∆t =

{t0, t1, t2, ...} where ∆t is considered as a constant time step, independent of i. The step length

defined as the distance between any two successive steps is li = |xi − xi−1| = {l1, l2, l3, ...} with

average velocity ui =
xi−xi−1

∆t
(Kareiva and Shigesada, 1983; Petrovskii et al., 2014). The complete
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movement path which begins at location x0 can then be expressed through the equation:

xi = xi−1 +(∆x)i, i = 1,2,3, ... (1)

where (∆x)i = (∆xi,∆yi) is a random step vector for the ith step along the walk.

Any 2D RW can also be described in polar co-ordinates, by expressing the step vector in terms

of step lengths l and turning angle θ (i.e. the angle between two consecutive headings), using the

transformation:

∆x = l cos(θ), ∆y = l sin(θ), l ∈ [0,∞), θ ∈ (−π,π] (2)

with inverse transformation:

l =
√

(∆x)2 +(∆y)2, θ = atan2 (∆y,∆x) , (3)

where atan2 (∆y,∆x) is equal to arctan
(

∆y
∆x

)

for ∆x > 0 and to arctan
(

∆y
∆x

)

±π for ∆x < 0. The 2D

RW can then be characterized by the statistical properties of the probability distributions of step

length λ (l) and turning angle ψ(θ).

2.2 Simple random walk

The earliest models of movement based on RWs are uncorrelated and unbiased, referred to as sim-

ple random walks (SRW). This means that the direction of movement is independent of previous

directions moved and completely random (Weiss, 1994; Codling et al., 2008). For our modelling

purposes, we consider each component of the step vector to be distributed as a zero-centered Gaus-

sian distribution with the same scale parameter σ , so that:

φ(∆x) =
1

σ
√

2π
exp

(

−(∆x)2

2σ2

)

, φ(∆y) =
1

σ
√

2π
exp

(

−(∆y)2

2σ2

)

, (4)
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∆x,∆y ∈ R, with mean E[∆x] = E[∆y] = 0 and variance Var[∆x] = Var[∆y] = σ2 which quantifies

the mobility of the walker (Petrovskii et al., 2012).

It can readily be shown that the corresponding step length and turning angle distributions are

given by:

λ (l) =
l

σ2
exp

(

− l2

2σ2

)

, ψ(θ) =
1

2π
, (5)

where λ (l) is the Rayleigh distribution and ψ(θ) is the uniform distribution ranging from −π to π ,

see (Petrovskii et al., 2014) for a derivation. For this step length distribution, the mean step length

and second moment is:

E[l] = σ
√

2π
2

, E[l2] = 2σ2
. (6)

2.3 Correlated random walk

A correlated random walk (CRW) allows for short term directional persistence, so that the move-

ment direction is the same as that of the previous step. For a balanced CRW, the probability of left

and right turns are equal, and the turning angle distribution is now considered as a zero centered

symmetric circular distribution. An example of such, is the von-Mises distribution:

ψ(θ) =
1

2πI0(κ)
exp(κ cosθ), κ ∈ [0,∞), (7)

where κ is the concentration parameter and Im(κ) is the modified Bessel function of the first kind

of order m, defined through the integral Im(κ) = 1
2π
∫ π
−π cos(mθ)eκ cosθ dθ . Note that, other types

of circular distributions can also be used, for e.g. the wrapped Cauchy or wrapped normal distri-

butions (Mardia and Jupp, 2000). The mean cosine of the distribution of turning angles quantifies

the strength of the short term directional persistence, defined as:

c = Ecosθ =
∫ π

−π
ψ(θ)cosθdθ , c ∈ [0,1] (8)
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and in the particular case of the von-Mises distribution, this reads:

c =
I1(κ)

I0(κ)
. (9)

Note that, the SRW corresponds to a special case of the CRW when c = 0 (or identically

κ = 0), as the von-Mises distribution reduces to the uniform distribution, as seen in equation (5).

Details of useful metrics which are used to analyse movement patterns, such as the Mean Squared

Displacement (MSD) which measures the squared beeline distance between a walkers initial and

final positions, and the Sinuosity Index (S), which measures the amount of turning in a walkers’

movement path, can be found in the Appendix.
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Figure 1: Movement paths for CRWs including the special case of a SRW with σ = 1. (a) SRW

c = 0 (S = 1.58) and (b) CRW c = 0.8 (S = 0.59), (c) CRW c = 0.95 (S = 0.29). Each walker has

starting location at (0,0) (green marker) and executes n = 1000 steps. This corresponds to times

t = 0 and t = 10 using a time increment of ∆t = 0.01.

Figure 1 illustrates a movement path for the SRW and the CRW. With increasing mean cosine

c, there is an increase in short-term directional persistence, and the path is more diffusive. This

demonstrates that the walker is more likely to keep moving in the same direction as that of the

previous step, with a decrease in sinuosity.
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2.4 The correlated Lévy walk

Different types of movement behaviours can be characterized by the rate of asymptotic decay in the

end tail of the step length distribution λ (l). If the end tail decays exponentially or faster (referred

to as a ‘thin’ tail), then the variance of step lengths is finite, and therefore the movement process

is scale-specific and diffusive (Kareiva and Shigesada, 1983; Codling et al., 2008; Ahmed et al.,

2018). See for example, the case of the SRW with Rayleigh distributed step lengths in equation (5).

Lévy walks (LWs) are another conceptual tool used to model movement paths. The main difference

between this class of walks, and those prior, is that the end tail decays much more slowly (known

as a fat or heavy tail), according to the power law:

λ (l) ∼ l−µ
, 1 < µ < 3, (10)

where µ is the Lévy exponent. As a result, the walker can execute rare but longer steps, and

the movement pattern is much faster. In contrast to RWs with a thin end tail, the variance is di-

vergent, the MSD does not exist and the corresponding movement is scale-free and super-diffusive

(Viswanathan et al., 2011; Reynolds, 2018). Similar to the SRW, the LW is also uncorrelated

and unbiased, and the distribution of turn angles is uniform, corresponding to completely random

movement. For a correlated Lévy walk (CLW), this distribution is a zero centered circular distri-

bution, where the LW can be considered as a special case.

Without loss of generality, we choose to rely on the folded Cauchy distribution for step lengths:

λ (l) =
2γ

π(γ2 + l2)
, (11)

which has quadratic decay in the end tail λ (l) ∼ 1
l2 corresponding to Lévy exponent µ = 2.

Alongside this, we consider the distribution of turn angles to be the von Mises distribution, see

equation (7) with mean cosine given by equation (9). The case 0 < c ≤ 1 now corresponds to a

CLW and c = 0 to a LW.

To compare between a CRW and CLW, with identical distributions of turn angles, it remains
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to simply relate λ (l). This can be done by considering the survival probability P(l > L) = δ , i.e.

the probability of occurrence of move lengths longer than some characteristic scale length L, and

considering δ and L to be the same for both distributions. In addition, by imposing an optimization

constraint such as minimizing the L2 norm, one can compute an optimal value for δ , and therefore

a relationship between scale parameters. As an example, to ’fairly’ compare between distinct

movement types, such as a CRW with step length distribution given by equation (5) and a CLW

with distribution given by equation (11), one gets:

γ
σ

= 1.536. (12)

See Ahmed and Petrovskii (2019) supplementary information for details of this result1.
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Figure 2: Movement paths for CLWs including the special case of a LW with γ = 1.536. (a) LW

c = 0, (b) CLW c = 0.8, (c) CLW c = 0.95. Note that, scale parameters can be related through

equation (12), so that these RWs are ‘comparable’ to those presented in Figure 1. Each walker has

starting location at (0,0) (green marker) and executes n = 1000 steps. This corresponds to times

t = 0 and t = 10 using a time increment of ∆t = 0.01

Figure 2 (a) illustrates the movement path of a LW, a specialised type of RW composed of

clusters of multiple short steps with longer steps in between them (Reynolds, 2018). Plots (b)-(c)

1Ahmed and Petrovskii (2019) compute a relationship between distribution scale-parameters, but consider the

probability ε that move lengths do not exceed L, i.e. P(l < L) = ε = 1−δ . In either case, the result in equation (12)

is the same.
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show the CLW, which allows for localized directional persistence during the clustering phases,

with increase in persistence for larger c. In each case, the individual is confined within the square

domain, see next section for details of the boundary condition.

2.5 Simulations

Consider a susceptible population of N individuals initially homogeneously distributed across a

residential area Ω represented by a square domain of side lengths 2d:

Ω = {(x,y) : |x| < d, |y| < d}. (13)

How the population disperses in space can be actualised by modelling the individual movement

paths using an n step RW, given by the equation:

xi = xi−1 +∆xi, i = 1,2,3, ...,n (14)

and different movement behaviours can be simulated using the movement rules prescribed by the

different types of RWs. During the course of the movement, individuals may encounter the spatial

boundary. We assume that the population is confined, so that no individual(s) can leave or enter,

and therefore the domain boundary is considered to be impenetrable. In our simulations, we choose

to rely on a ‘no-go’ condition, so that if any individual attempts to overstep the boundary at any

instant in time, then an alternative step is chosen at the previous location (Bearup and Petrovskii,

2015). In the case that the walk is correlated, a new orientation is assigned in the opposite direction,

i.e. in the perpendicular direction to the boundary.

In addition, an infectious host is introduced into the susceptible population at the centre of the

domain at location ξξξ 0 = (0,0), whose movement is modelled as a RW in 2D space:

ξξξ i = ξξξ i−1 +∆ξξξ i, i = 1,2,3, ...,n (15)
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where ξξξ i represents the location of the infectious host at each step, and ∆ξξξ i is a random step vector.

Note that, ξξξ i and xi are uncorrelated, so that the movement of the infectious host is completely

independent of the movement of any susceptible individual in the population. At each subsequent

step, the virus is only transmitted to those susceptible individual(s) that are within a close spatial

proximity of less than a distance r from the infectious host (Frasca et al., 2006), with condition:

|xi −ξξξ i| < r, i = 1,2,3, ...,n. (16)

Since the coronavirus is highly infectious, we assume that the probability of disease transmission

given a contact is 1. This can be considered as an upper limit of a more general scenario, where

host-host contacts can lead to unsuccessful transmission events, known as ‘near misses’. Also,

given that our focus is on the short-term dynamics, during the incubation period but prior to the

infectious period, we assume that infected individuals do not go on to further transmit the virus.

However, the primary infectious host continues to browse throughout the population, as per the

RW model, and continues to infect others as a result of further contacts. Levels of infection can be

computed as the proportion of individuals that are infected over the course of time.

Figure 3 shows that as the infectious host browses through space, the virus is transmitted to

those susceptible individuals in close spatial proximity less than a distance r = 10, and therefore

the proportion of infected individuals increase over time. The blank space in plots (b)-(d) emerge,

as those infected are not shown. If we consider the residential area to be 500m by 500m, a more

realistic value for r is 1m, which is used in further simulations, and reflects the current public

social-distancing policy in Kuwait. Note that, we focus on the theoretical aspects of movement,

however, if one would seek to model a real scenario, model parameters such as the mobility or

time increment can be estimated from actual human movement data.
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Figure 3: Snapshots of the interplay between an infectious host (red marker) and the population.

A susceptible population of N = 2500 individuals perform a SRW with σ = 1, c = 0 within the

residential area. The infectious host browses in space according to a CRW with σ∗ = 1, c∗ =

0.95, where ∗ is included to distinguish between the parameters. The interaction radius (r = 10),

movement types and parameters are chosen for illustrative purposes. Time is computed as t = n∆t,

with n steps in the RW, and time increment ∆t = 0.01.

3 Results

3.1 Variation in infection levels due to host movement

Figure (4) shows that the proportion of infections depend on the interplay between the susceptible

population and the infectious host movement. Plot (a) demonstrates that in the case of slow popu-

lation diffusion (i.e. low values of c), infection levels increase at a much faster rate with respect to

the directional persistence of the infectious host, but this rate decreases with larger c. This suggests

a mechanistic explanation for ‘super-spreaders’ based on the movement of the host population as

a driver for increasing epidemic spread. In the case of much faster population diffusion (i.e. c

close to 1), infection levels tend to remain constant - which is also observed if the population is

super-diffusive, as seen in Plot (b). Interestingly, the Lévy movement patterns suggest that the

rapid movement of individuals cannot explain rising levels of infection.
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Figure 4: Proportion of infections (%) computed for different scenarios of population dispersal,

whilst a single infectious host browses throughout the population, recorded at time t = 40. A

susceptible population of N = 2500 is initially homogeneously distributed across a square domain

of side lengths 2d = 500, referred to as the residential area. Each individual in the susceptible

population moves according to either: (a) SRW or CRW (σ = 1), and in (b) LW or CLW (γ =

1.536), whilst considering an increase in directional persistence, which is quantified by c (indicated

in the figure legend). These mobility parameters are related through equation (12), which allows for

the proportion of infections to be compared across different host movement types. The infectious

host moves according to a CRW with σ∗ = 1, with varied directional persistence c∗. The interaction

radius is fixed at r = 1. Simulations were averaged over ten runs, to reduce the effect of stochastic

noise.
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3.2 Impact of confined neighbourhoods
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Figure 5: Introduction of neighbourhood confinement. (a) A susceptible population of N = 4000

individuals is homogeneously distributed across a residential area with dimensions d = 500 by

d = 500. We consider four infectious individuals at initial locations
(

±d
2
,±d

2

)

. (b) The host pop-

ulation moves freely across the whole domain, where each individual performs a RW. Susceptible

individuals that come into close contact of either of these infectious hosts are also infected, with

interaction radius r = 1. (c)-(d) An alternative scenario is considered where confinement restric-

tions are imposed, by partitioning the residential area into four neighbourhoods of equal population

density. Each sub-population of N = 1000 individuals, and also the corresponding infectious host,

is thus confined to each neighbourhood of dimensions d = 250 by d = 250. A ‘no-go’ boundary

condition is also prescribed to the inner boundaries, as described in §2.5. As a result, potential

contacts and hence the transmission of the virus is also confined.

Figure 5 (a)-(b) illustrates the free movement of four infectious hosts amongst a homogeneous

population. In (c)-(d), confinement restrictions are imposed by separating the residential area into

four neighbourhoods, demarcated by solid red lines. The proportion of infections can be computed

due to contacts between individuals in the susceptible population and each infectious host. In this

manner, we aim to assess the impact of sub-population confinement.

Figure 6 represents a similar scenario, whereas now we consider an overcrowded neighbour-

hood. Note that in plots (d)-(f), due to the super-diffusive properties of the LW, the sub-population
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Figure 6: The overcrowded neighbourhood has a population of N = 2500 (top-right in each plot

indicated in blue), and N = 1500 in the remaining part of the residential area, corresponding to an

initial high population density which is five-fold. Plots (a)-(c) demonstrate the case where each

individual in the susceptible population performs the SRW, and in (d)-(f) the LW. Plots (g)-(i)

illustrate confinement of overcrowded area. All other details are the same as that in the caption of

Figure 5
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mixes much faster with the remainder of the population, c.f. with plots (a)-(c).
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Figure 7: Plot of infection count trajectories against time, whilst considering either a homogeneous

population distribution, or the case of an overcrowded sub-population, including the different con-

finement scenarios depicted in Figures 5 and 6. We also consider two different modes of suscep-

tible population movement, where individuals either perform the SRW or the LW. Each infectious

host, browses throughout the population whilst performing a SRW (c∗ = 0) or a CRW with high

directional persistence (c∗ = 0.95).

Figure 7 plot (a) shows that for susceptible individuals that perform a SRW, the disease spread

depends on the movement of the infectious host, with an increase observed for larger c∗, however,

from plot (c), in the case of a LW population they remain the same - as seen previously in Figure 4.

Plots (b) and (d) confirm that this also applies to heterogeneous populations, for e.g. in the case of

overcrowded neighbourhoods. This suggests that infection levels depend on the underlying move-

ment behaviours which govern contacts between individuals, but not on the spatial distribution of

the host population. On comparing free movement across the whole residential area (solid lines)

and restricted movement within confined space (dotted lines), the impact on infection counts is

negligible, at least in the short-term.
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4 Discussion

Traditional models of infectious diseases usually assume that susceptible and host populations

mix readily, and fail to capture the interactions between individuals (Hethcote, 2000), whereas

mechanistic models account for the spatial proximity between individuals and explicitly model

the contact process - which is directly related to the disease transmission process (Lessler et al.,

2016; Fofana and Hurford, 2017). Also, much focus in the literature is on the long term effects of

epidemic spread, which is important to address questions related to disease spread/control and the

resulting socio-economic impacts etc. (Nicola et al., 2020). In contrast, very few studies focus on

the short time scale of infection dynamics following an outbreak. There is growing attention to-

wards asymptomatic yet infectious carriers, as they are hard to track and could be a critical factor in

the spread of some diseases (Park et al., 2020), however, not much information is available at very

early stages i.e. prior to when individuals become infectious. In this paper, we set out to investi-

gate how infection levels are driven by the interplay between a susceptible population and a single

infectious host on a short time scale, whilst considering different types of movement behaviours,

heterogeneous population spatial distributions and the role of neighbourhood confinement. An

individual mechanistic modelling approach was used based on RWs, which is increasingly recog-

nised as a fundamental tool of infectious disease epidemiology (Lessler et al., 2016; Fofana and

Hurford, 2017).

We found that infection levels increased more rapidly for a slowly diffusive susceptible pop-

ulation with increase in short term persistence in host movement, but remained stable in case of

faster or super-diffusive population diffusion. The former may be more relevant in the context of

disease ecology with infectious disease spread amongst animals (Craft, 2015; Berg et al., 2018),

whereas the latter is more applicable to human movement, due to the plausible evidence that hu-

man mobility patterns contain statistically similar features observed in super diffusive spread or

Lévy walks (Gonzalez et al., 2008; Song et al., 2010). This suggests that the rapid movement of

humans fails to explain rising levels of infections. We also investigated whether there were any
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changes in infection levels based on the population spatial distribution (i.e. overcrowded scenarios)

and/or neighbourhood confinement. We found that, on a short time scale, there was no noticeable

difference.

The state of Kuwait is a typical example amongst many other countries that have implemented

strict intervention policies to curb the spread of the disease. The first case was recorded on 24th

February 2020. As of July 22nd 2020, the total number of infected cases is 60,434, with 412

deaths, 50,919 recoveries and the number of active cases is currently 9,515 (Coronavirus Research

Center, 2020; Covid-19 updates: State of Kuwait, 2020). Some standard approaches such as dis-

continuation of commercial flights, school closures, social distancing policies, quarantine etc. are

common, whilst others are unique to Kuwait, for e.g. extreme household curfew timings up to 22

hours, imposed movement restrictions so that residents can only purchase groceries in their locality

subject to prior appointment, total confinement of overcrowded neighbourhoods etc. For the latter,

barricades were set up at all entry and exit points and monitored at all times by security officials,

ensuring that people were not allowed to leave or enter these areas, except under very special cir-

cumstances. See (Almeshal et al., 2020) for a detailed timeline of all government interventions.

Although, these strict measures have far-reaching consequences beyond the spread of the disease,

with clear social-economic impacts (Nicola et al., 2020), the swift response by Kuwait has been

recognized and generally praised by the WHO (Kuwait News Agency (KUNA), 2020). Given that

this strategy is unique, some theoretical questions need to be addressed regarding its efficacy c.f.

(Alvarez et al., 2020), and whether they can be implemented at larger spatial scales, i.e. it may be

challenging or even non-feasible for countries with large populations, particularly in case of cities

which are densely populated.

Our results indicate that during the early stages of infectious spread, imposed confinement

restrictions or complete lock down of whole residential areas may be ineffective, irrespective of the

population demographics, and therefore other types of measures are more likely to be beneficial.

On a much larger time scale, lockdowns are known to be effective and there are recommendations

that they should remain in place for a time period of about 60 days (Lopez and Rodo, 2020). This
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highlights that there is an optimal time frame, precisely when and how a lockdown should be

enforced (Chang et al., 2020). It is plausible that the exact timing may depend on the population

characteristics (movement, spatial structure etc.) and the rate of initial spread, and this would

constitute an important research line of enquiry in a future study. Such information is vital for

stakeholders (government, health officials, policy makers etc.), as some countries are past their

(first) epidemic peak, and a second wave of the pandemic is predicted (Xu and Li, 2020; Wilder-

Smith et al., 2020).

One important aspect of this study is that no further disease transmission was assumed once

individuals in the susceptible population were infected, which is adequate on a short time scale.

However, to investigate the long-term effects, one would need to account for further transmission

from newly infected individuals. It would be interesting to analyse the infection dynamics based

on population spatial distributions, the interplay between host movements and various confine-

ment scenarios on this time scale. It is unclear how infection levels may vary with respect to the

individual movement properties, however, one would certainly expect that lockdowns are effective

in the long term (Atalun, 2020; Vinceti et al., 2020). Also, with the introduction of secondary

infections, one could estimate variations in a key epidemiological metric - the effective reproduc-

tion number (R), i.e. the average number of secondary cases per infectious case in a population

(Rothman et al., 2013). In terms of contact specifics, we assumed that those individuals who were

in close spatial proximity of the infectious host to be instantly infected which could be justified

in the case of highly contagious viruses. A more realistic scenario would assign a transmission

probability, so that the virus is transmitted to only a proportion of those individuals who come into

close contact. This would allow disease modellers to identify and quantify near misses and to ex-

plore possible alternative epidemic outcomes given shifts in epidemiological parameters (Fofana

and Hurford, 2017). Moreover, if contact rates and transmission probabilities can be estimated

from epidemic/movement data, mechanistic models could prove to provide a powerful modelling

framework for a broader category of diseases (Fofana and Hurford, 2017).
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5 Conclusions

Our findings indicate that infection levels can vary depending on the movement rules that govern

host-host movement. In the case of a slowly diffusive susceptible population, the level of infection

increases, but remains the same for a highly or super diffusive population. We also found that in

the short-term, prior to when susceptible individuals becomes infectious, confinement restrictions

are ineffective, even in the case of overcrowded populations. This study demonstrates how use-

ful insights of disease dynamics can be obtained from a random walk framework, in contrast to

traditional modelling approaches.

Appendix: Useful metrics for CRWs

The Mean Squared Displacement (MSD), which is defined as the expected value of the squared

beeline distance between a walkers initial and final positions in a n step RW, serves as a useful

metric to analyse movement patterns. For a balanced CRW, this can be computed as:

E
[

R2
n

]

= nE
[

l2
]

+2E[l]2
c

1− c

(

n− 1− cn

1− c

)

, (A1)

which is expressed in terms of moments of step length l, mean cosine c and the number of steps n

(Hall, 1977). In the special case of a SRW (c = 0), the MSD reduces to:

E
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R2
n

]

= nE
[

l2
]

. (A2)

For a large number of steps n (or equivalently in the long term), the MSD approaches:
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)

, (A3)

21



where the subscript ‘a’ is included here, to distinguish between the asymptotic MSD and the actual

MSD in equation (A1). Note that, the asymptotic MSD grows linearly with n and therefore the RW

becomes diffusive in the large step limit, and can be related to the diffusion coefficient D (Crank,

1975; Turchin, 1998; Sornette, 2004; Codling et al., 2008; Ahmed and Petrovskii, 2015), through

the relation:

E
[

R2
n

]

a
= 4Dn∆t. (A4)

Another useful metric is the sinuosity index S, which quantifies the amount of turning in a walkers’

movement path (tortuosity), defined as:

S =

√

u

D
=

√

E[l]

D∆t
, (A5)

where u = E[l]
∆t

is the mean speed (Benhamou, 2004).

On combining equations (A4)-(A5), an equivalent expression for the sinuosity index can be

written as:

S =

√

4nE[l]

E [R2
n]a

. (A6)

In the particular case of a balanced CRW with Gaussian increments, this index is given by:

S =
1√
σ

( √
2π

1+ π
2
· c

1−c

)
1
2

(A7)

where the moments are computed in equation (6).
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tant Is the Movement Pattern in the Context of Trapping? Mathematics, 6(77).

Albertsen, C. (2019). Generalizing the first-difference correlated random walk for marine animal

movement data. Scientific Reports, 9(4017).

Almeshal, A., Almazrouee, A., Alenizi, M., and Alhajeri, S. (2020). Forecasting the spread of

covid-19 in kuwait using compartmental and logistic regression models. Appl. Sci., 10(3402).

Alvarez, F. E., Argente, D., and Lippi, F. (2020). A simple planning problem for covid-19 lock-

down. Technical report, National Bureau of Economic Research.

24



Atalun, A. (2020). Is the lockdown important to prevent the covid-19 pandemic? effects on psy-

chology, environment and economy-perspective. Annals of Medicine and Surgery, 56:38 – 42.

Bai, Y., Yao, L., Wei, T., Tian, F., Jin, D., Chen, L., and Wang, M. (2020). Presumed asymptomatic

carrier transmission of covid-19. Jama, 323(14):1406 – 07. American Medical Association.

Balcan, D., Colizza, V., Goncalves, B., Hu, H., Ramasco, J., and Vespignani, A. (2009). Multiscale

mobility networks and the spatial spreading of infectious diseases. PNAS, 106(51):21484 – 89.

Bartumeus, F. and Catalan, J. (2009). Optimal search behavior and classic foraging theory. J. Phys.

A: Math. Theor., 42(43):569 – 580.

Bearup, D. and Petrovskii, S. (2015). On time scale invariance of random walks in confined space.

J. Theor. Biol., 367:230 – 245.

Benhamou, S. (2004). How to reliably estimate the tortuosity of an animal’s path: straightness,

sinuosity, or fractal dimension? Journal of Theoretical Biology, 229(2):209 – 220.

Berg, S., Forester, J., and Craft, M. (2018). Infectious disease in wild animal populations: Ex-

amining transmission and control with mathematical models. In: Hurst C. (eds) The Connec-

tions Between Ecology and Infectious Disease. Advances in Environmental Microbiology, vol

5. Springer, Cham.

Bovet, P. and Benhamou, S. (1988). Spatial analysis of animals’ movements using a correlated

random walk model. J. Theor. Biol., 131(4):419 – 433.

Buscarino, A., Di Stefano, A., Fortuna, L., and Frasca, M. (2010). Effects of motion on epidemic

spreading. Int. J. Bifurcation Chaos, 20:765 – 773.

Buscarino, A., Fortuna, L., Frasca, M., and Latora, V. (2008). Disease spreading in populations of

moving agents. Europhys. Lett., 82(38002).

25



Chang, S., Harding, N., Zachreson, C., Cliff, O., and Prokopenko, M. (2020). Mod-

elling transmission and control of the covid-19 pandemic in australia. Preprint at arXiv

https://arxiv.org/abs/2003.10218.

Codling, E., Plank, M., and Benhamou, S. (2008). Random walk models in biology. J. R. Soc.

Interface, 5(25):813 – 834.

Coronavirus Research Center (2020). https://coronavirus.jhu.edu/. Date accessed: 22-07-2020.

Covid-19 updates: State of Kuwait (2020). https://corona.e.gov.kw/En/. Date accessed: 22-07-

2020.

Craft, M. (2015). Infectious disease transmission and contact networks in wildlife and livestock.

Philos Trans R Soc Lond B Biol Sci., 370(1669):20140107.

Crank, J. (1975). The mathematics of diffusion. Oxford University Press, 2nd edition.

Ferguson, N., Laydon, D., and Nedjati-Gilani, G. e. a. (2020). Report 9: impact of non-

pharmaceutical interventions (npis) to reduce covid-19 mortality and healthcare demand. Tech-

nical report, Imperial College London.

Fofana, A. and Hurford, A. (2017). Mechanistic movement models to understand epidemic spread.

Philos Trans R Soc Lond B Biol Sci., 372(1719):20160086.

Fortin, D., Morales, J., and Boyce, M. (2005). Elk winter foraging at fine scale in yellowstone

national park. Oecologia, 145(335 – 343).

Frasca, M., Buscarino, A., Rizzo, A., Fortuna, L., and Boccaletti, S. (2006). Dynamical network

model of infective mobile agents. Phys Rev E, 74(036110).

Gallotti, R., Bazzani, A., and Rambaldi, S. (2015). Understanding the variability of daily travel-

time expenditures using gps trajectory data. EPJ Data Sci., 4:1 – 14.

26



Gallotti, R., Louf, R., Luck, J., and Barthelemy, M. (2018). Tracking random walks. J. R. Soc.

Interface, (1520170776).

Gonzalez, M., Hidalgo, C., and Barabasi, A. (2008). Understanding individual human mobility

patterns. Nature, 453:779 – 782.

Hall, R. (1977). Amoeboid movements as a correlated walk. J. Math. Biol., 4:327 – 335.

Hethcote, H. (2000). The mathematics of infectious diseases. SIAM Rev., 42:599 – 653.

Kareiva, P. (1983). Local movement in herbivorous insects: applying a passive dif-

fusion model to mark-recapture field experiments. Oecologia (Berlin), (56:234).

https://doi.org/10.1007/BF00379695.

Kareiva, P. and Shigesada, N. (1983). Analyzing insect movement as a correlated random walk.

Oecologia, 56(2 – 3):234 – 238.

Klafter, J. and Sokolov, I. (2011). First Steps in Random Walks: From Tools to Applications.

Oxford University Press Inc., New York.

Kucharski, A., Russell, T., Diamond, C., Liu, Y., Edmunds, J., Funk, S., Eggo, R., Sun, F., Jit, M.,

Munday, J., et al. (2020). Early dynamics of transmission and control of covid-19: a mathemat-

ical modelling study. The lancet infectious diseases. Elsevier.

Kuwait News Agency (KUNA) (2020). Who praises kuwait’s swift response to coronavirus pan-

demic. News article.

Lauer, S., Grantz, K., Bi, Q., Jones, F., Zheng, Q., Meredith, H. R., Azman, A., Reich, N., and

Lessler, J. (2020). The incubation period of coronavirus disease 2019 (covid-19) from publicly

reported confirmed cases: estimation and application. Annals of internal medicine, 172(9):577

– 582. American College of Physicians.

Lessler, J., Azman, A., Grabowski, M., et al. (2016). Trends in the mechanistic and dynamic

modeling of infectious diseases. Curr Epidemiol Rep, 3:212 – 222.

27



Lin, C. C. and Segel, L. A. (1974). Mathematics applied to deterministic problems in the natural

sciences. New York, NY: Macmillan.

Linton, N., Kobayashi, T., Yang, Y., Hayashi, K., Akhmetzhanov, A., Jung, S., Yuan, B., Kinoshita,

R., and Nishiura, H. (2020). Incubation period and other epidemiological characteristics of 2019

novel coronavirus infections with right truncation: A statistical analysis of publicly available

case data. J. Clin. Med., 9(538).

Lopez, L. and Rodo, X. (2020). The end of social confinement and covid-19 re-emergence risk.

Nat Hum Behav, 4:746 – 755.

Mardia, K. and Jupp, P. (2000). Directional Statistics. John Wiley and Sons, Chichester.

Munro, A. and Faust, S. (2020). Children are not covid-19 super spreaders: time to go back to

school. Archives of Disease in Childhood, 105(7):618 – 619.

Nicola, M., Alsafi, Z., Sohrabi, C., Kerwan, A., Al-Jabir, A., Iosifidis, C., Agha, M., and Aghaf,

R. (2020). The socio-economic implications of the coronavirus pandemic (covid-19): A review.

Int. J. Surg., 78:185 – 193.

Okubo, A. (1980). Diffusion and Ecological Problems: Mathematical Models. Springer, Berlin.

Park, S., Cornforth, D., Dushoff, J., and Weitz, J. (2020). The time scale of asymptomatic transmis-

sion affects estimates of epidemic potential in the covid-19 outbreak. Epidemics, 31(100392).

Patlak, C. (1953). Random walk with persistence and external bias. Bulletin of Mathematical

Biophysics, 15:311 – 338.

Petrovskii, S., Bearup, D., Ahmed, D., and Blackshaw, R. (2012). Estimating insect population

density from trap counts. Ecol. complexity, 10:69 – 82.

Petrovskii, S., Petrovskya, N., and Bearup, D. (2014). Multiscale approach to pest insect monitor-

ing: random walks, pattern formation, synchronization and networks. Phys. Life Rev., 11(3):467

– 525.

28



Prem, K., Liu, Y., Russell, T., Kucharski, A., Eggo, R., Davies, N., Jit, M., and Klepac, P. (2020).

The effect of control strategies to reduce social mixing on outcomes of the covid-19 epidemic in

wuhan, china: a modelling study. The Lancet Public Health, 5(5):E261 – E270.

Ramos-Fernandez, G., Mateos, J., Miramontes, O., Cocho, G., Larralde, H., and Ayala-Orozco,

B. (2004). Lvy walk patterns in the foraging movements of spider monkeys (ateles geoffroyi).

Behav Ecol Sociobiol, 55:223 – 230.

Reynolds, A. (2013). Beyond optimal searching: recent developments in the modelling of animal

movement patterns as Lvy walks. In Dispersal, individual movement and spatial ecology, pp. 53

– 76, Berlin/Heidelberg, Germany: Springer.

Reynolds, A. (2018). Current status and future directions of Lévy walk research. Biology Open.
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Figures

Figure 1

Movement paths for CRWs including the special case of a SRW with s = 1. (a) SRW c = 0 (S = 1.58) and
(b) CRW c = 0.8 (S = 0.59), (c) CRW c = 0.95 (S = 0.29). Each walker has starting location at (0,0) (green
marker) and executes n = 1000 steps. This corresponds to times t = 0 and t = 10 using a time increment
of Dt = 0.01.

Figure 2

Movement paths for CLWs including the special case of a LW with g = 1.536. (a) LW c = 0, (b) CLW c =
0.8, (c) CLW c = 0.95. Note that, scale parameters can be related through equation (12), so that these RWs
are ‘comparable’ to those presented in Figure 1. Each walker has starting location at (0,0) (green marker)
and executes n = 1000 steps. This corresponds to times t = 0 and t = 10 using a time increment of Dt =
0.01



Figure 3

Snapshots of the interplay between an infectious host (red marker) and the population. A susceptible
population of N = 2500 individuals perform a SRW with s = 1, c = 0 within the residential area. The
infectious host browses in space according to a CRW with s  = 1, c = 0.95, where  is included to
distinguish between the parameters. The interaction radius (r = 10), movement types and parameters are
chosen for illustrative purposes. Time is computed as t = nDt, with n steps in the RW, and time increment
Dt = 0.01.

Figure 4

Proportion of infections (%) computed for different scenarios of population dispersal, whilst a single
infectious host browses throughout the population, recorded at time t = 40. A susceptible population of N
= 2500 is initially homogeneously distributed across a square domain of side lengths 2d = 500, referred



to as the residential area. Each individual in the susceptible population moves according to either: (a)
SRW or CRW (s = 1), and in (b) LW or CLW (g = 1.536), whilst considering an increase in directional
persistence, which is quanti�ed by c (indicated in the �gure legend). These mobility parameters are
related through equation (12), which allows for the proportion of infections to be compared across
different host movement types. The infectious host moves according to a CRWwiths s =1, with varied
directional persistence c*. The interaction radius is �xed at r = 1. Simulations were averaged over ten
runs, to reduce the effect of stochastic noise.

Figure 5

Introduction of neighbourhood con�nement. (a) A susceptible population of N = 4000 individuals is
homogeneously distributed across a residential area with dimensions d = 500 by d = 500. We consider
four infectious individuals at initial locations (±d/2 ,±d/2) (b) The host population moves freely across
the whole domain, where each individual performs a RW. Susceptible individuals that come into close
contact of either of these infectious hosts are also infected, with interaction radius r = 1. (c)-(d) An
alternative scenario is considered where con�nement restrictions are imposed, by partitioning the
residential area into four neighbourhoods of equal population density. Each sub-population of N = 1000
individuals, and also the corresponding infectious host, is thus con�ned to each neighbourhood of



dimensions d = 250 by d = 250. A ‘no-go’ boundary condition is also prescribed to the inner boundaries, as
described in §2.5. As a result, potential contacts and hence the transmission of the virus is also con�ned.

Figure 6

The overcrowded neighbourhood has a population of N = 2500 (top-right in each plot indicated in blue),
and N = 1500 in the remaining part of the residential area, corresponding to an initial high population
density which is �ve-fold. Plots (a)-(c) demonstrate the case where each individual in the susceptible
population performs the SRW, and in (d)-(f) the LW. Plots (g)-(i) illustrate con�nement of overcrowded
area. All other details are the same as that in the caption of Figure 5



Figure 7

Plot of infection count trajectories against time, whilst considering either a homogeneous population
distribution, or the case of an overcrowded sub-population, including the different con�nement scenarios
depicted in Figures 5 and 6. We also consider two different modes of susceptible population movement,
where individuals either perform the SRW or the LW. Each infectious host, browses throughout the
population whilst performing a SRW (c* = 0) or a CRW with high directional persistence (c* = 0.95).
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