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Abstract

The coronavirus disease (COVID-19) is a novel infection caused by SARS-CoV-2, a corona virus

type that has previously not been seen in humans. The speedy spread of COVID-19 globally has

greatly affected the socio-economic environments and health systems. To effectively address this

rapid spread, it is imperative to have a clear understanding of the COVID-19 transmission dynamics.

In this study we evaluate a COVID-19 epidemic model with a nonlinear incidence function and a sat-

urating. We propose an SLIHRD data driven COVID 19 model which incorporates individual self

initiated behavior change of the susceptible individuals. The proposed model allows the evaluation of

the impact of easing intervention measures at specific times. To estimate the model parameters, the

model was fitted to the daily reported COVID-19 cases in Kenya. Self initiated behavioral responses

by individuals and large scale persistent testing proved to be the most effective measures to flatten

the epidemic infection curve.The model illustrates the effect of mass testing on COVID-19 as well

as individual self initiated behavioral change when the number of infected individuals increases. The

results have significant impact on the management of COVID-19 and implementation of prevention

policies.

Keywords: : COVID-19; SLIHRD-model; Non-linear incidence rate; Exit strategies; Behavior change;

Mass testing

1 Introduction

The corona virus 2019, which first started in the Wuhan city of China in December 2019 has greatly

affected the socio-economic environment and health systems worldwide. The disease has killed many,

altered the definition of normalcy and collapsed economies since it was first reported. The global situ-

ation for COVID-19 as at November 18, 2020 stood at over 56 million confirmed cases with the total

number of deaths standing at over 1.3 million according to World Health Organization (WHO) [34]. In

the mean time, the number of COVID-19 infections in Africa stood at over 1.4 million confirmed cases.

In Kenya with a population of about 47 million people, the number of confirmed cases as at November

stood at over 71 thousand and over 1300 deaths [34]. The WHO, in February 2020 declared coronavirus

disease COVID-19, a global pandemic [35]. The disease poses a huge threat to the global populations

[16, 31].
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Severe acute respiratory syndrome coronaviruses (SARS-CoV) are enveloped single-stranded RNA viruses

that have not been identified in humans before [1]. The SARS-CoV-2 virus affects different people in dif-

ferent ways and spreads mainly from person-to-person who are in close contact. Most patients develop

mild illness and recover without hospitalization. Infected persons are assumed to be most infectious

when they are symptomatic, but there are reports of individuals transmitting this new coronavirus be-

fore they exhibit symptoms, see [36, 37]. Like many respiratory diseases, COVID-19 spreads through

aerosols from coughs and sneezes of infected persons. It can also spread surfaces touched by infectious

individuals after they have sneezed or coughed into their hands [33, 37]. The most common symptoms

for SARS-COV-2 are fever, tiredness and a dry cough. According to the WHO, about 20% of people

who get infected with COVID-19 experience mild symptoms and recover without needing any special

treatment [40]. Recovery depends on the strength of the immune system of the infected person. The

elderly and people with other underlying medical conditions are at a higher risk of developing severe

illness from Covid-19 [10, 17].

On March 15, 2020, the Kenyan Government moved promptly to employ containment measures to con-

tain the rise in COVID-19 infections. Kenya’s early implementation of the non-pharmaceutical inter-

ventions (NPIs) measures proved to be effective in suppressing the spread of COVID-19. These NPIs

included closure of international borders, schools, restaurants, bars and nightclubs, use of face masks

in public, banning meetings and social gathering and imposing a dusk to dawn curfew and movement

restrictions in the two major county cities, Nairobi and Mombasa, considered as epicenters of Covid-19

infections at the beginning of the epidemic [6, 22–24]. The combination of these interventions has had a

substantial impact in limiting the community transmission of COVID-19. Another containment strategy

the Kenyan Government employed was contact tracing and mass testing.

During the early stages of an emerging infectious disease outbreak, it is important to understand its

transmission. Assessment and analysis of transmission dynamics over time can provide insights into the

disease transmission and help identify whether control measures are having a quantifiable effect [14].

Analysis of transmission dynamics at early stages can inform predictions about potential future growth,

help estimate risk to other counties, and guide the design of alternative interventions. Mathematics, has

traditionally been used to gain realistic insight into the epidemiology of infectious diseases transmission

dynamics [26]. Mathematical models thus play a vital role in evaluating the readiness of any government

in fighting infectious diseases while letting policy makers plan for possible public health scenarios before

they arise [11]. Since the COVID-19 pandemic started, mathematical modelling has been at the forefront

of informing decision-making [18, 21, 27].

A simple mathematical model was used to trace the temporal course of the South Korea Middle East

Respiratory Syndrome Coronavirus (MERS-CoV) outbreak [8]. In [28] an age-structured susceptible-

exposed-infected-removed (SEIR) model was used to predict the trajectory of the virus outbreak in

Wuhan, China. The projections showed that physical distancing measures were most effective in contain-

ing the infection. The SEIR model was extended to forecast the COVID-19 epidemic peaks and sizes in

China, see [39, 41]. Further, a mathematical model for MERS-CoV transmission dynamics was used to

estimate the transmission rates in two periods due to the implementation of intensive interventions[3, 12].

Several Mathematical models have been used to help plan public health interventions since the first time

COVID-19 infection was reported [2–4, 7, 9, 20, 38]. Other authors used clinical approaches to explain

the disease outbreak [31].

As countries begin to relax many of the containment measures initially imposed to control COVID-19,

it is important to evaluate the impact of different exit strategies for the disease [27]. Since July 2020,

the Kenyan Government relaxed some of the COVID-19 containment measures including opening of
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restaurants and places of worship and the removal of travel restrictions into and out of Mombasa and

Nairobi counties [25]. Further from September 2020, a phased return to school was allowed for learning

institutions. In this study, we extended the work in [17]. The proposed SLIHRD model employing a

nonlinear incidence rate, which explains the effect of mass testing on COVID-19 spread as well as indi-

vidual self initiated behavioral change when the number of infected individuals increases will be used to

analyze the above COVID-19 exit strategies. We also innovatively model a declining recovery rate, that

depends on the number of hospitalisation, assuming that as hospitalisations increase, the recovery rate

is impacted by the number of individual admissions. As hospital admissions increase, there has been a

noted fatigue of health care workers and declining quality of service leading to reduced recovery rates.

The rest of the paper is organized as follows: in Section 2, the model is formulated. In Section 3,

numerical simulations including the fitting of the model to COVID-19 data are carried out. The effects

of individual behavioral change, intermittent lifting of intervention measures and mass testing are also

investigated. In Section 4, we provide discussions and recommendations.

2 Model Description and Formulation

2.1 Model Assumptions

The study employs an SLIHRD model with the following assumptions:

• The Kenyan population is sufficiently large to take care of the variations in the spread of COVID

19, so a deterministic model is considered.

• We assumed Kenya to be a closed system with a constant population size of 47 million (that is ,

S + L+ Is + Ia +H +R+D = 47 million) throughout the course of the epidemic see [18].

• Each individual has the same chance of making contact with other individuals- homogeneous

mixing.

• The spread of the coronavirus only occurs between humans to humans [18].

• The incubation period of COVID -19 is 14 days.

• Individuals infected by the disease can recover. Current evidence on the pandemic does not sug-

gest that the recovered individuals become susceptible again. This is inline with other respiratory

infections such as MERS [30].

• Natural births, natural deaths, and ageing are overlooked. This is largely due to the short modelling

time.

We consider a compartmental model in which each compartment variable denotes the number of indi-

viduals who belong to one of the following states: susceptible (S), that is, individuals who are not yet

infected but are at risk of the infection. When the Susceptible interact with infected individuals they

get infected with the virus and move into compartment latent(L). The term e−γτ is the probability of

an exposed person surviving to being infectious in 4-5 days (latent period). 1

τ
is the incubation period

that represent the length of time before the infected individuals can become infectious. Those who de-

velop symptoms immediately move to severe infectious class (symptomatic) denoted by compartment

Is. Those who have their symptoms delayed due to strong immune system move to mild infectious class

(asymptomatic) denoted by Ia. Both individuals in Ia and Is are infectious though those in Ia have not

developed symptoms, see [18, 19]. The asymptomatic and symptomatic individuals can be recognized
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through contact tracing and mass testing and isolated (taken to hospital /isolation Centres) denoted com-

partment (H). The isolated infected individuals (those in hospitals or isolation centres) can recover and

move to compartment R or succumb to COVID-19 and move to compartment (D) [18].

The total population at any time t, is denoted by N(t) and is given by

N(t) = S(t) + L(t) + Is(t) + Ia(t) +H(t) +R(t) +D(t).

The force of infection is modelled by λ(t) and given by the nonlinear incidence rate:

λ(t) =
β1Ia(t) + β2Is + β3H(t)

1 + η(Is(t) +H(t))
, (1)

where β1, β2 and β3 are the effective contact rates between susceptibles and asymptomatic infected indi-

viduals, susceptibles and symptomatic infected individuals and susceptibles and hospitalized individuals

respectively. The nonlinear incidence rate λ(t) is more reasonable than the most used bi-linear incidence

rate. The expression
1

1 + η(Is(t) +H(t))
measures the behavioral change of individuals when the num-

ber of infected and hospitalised individuals increases. The parameter η is the percentage of total effort

required by an individual to contain/mitigate the COVID-19 epidemic spread resulting from the behav-

ioral change in the population leading to adherence to COVID-19 preventive measures, see for instance

[15].

When the susceptible are infected, they move into compartment L, referred to as latent or exposed.

Here we assume a fraction ǫ ∈ (0; 1) of the general population are locked down / self-quarantined and

only the remaining fraction 1 − ǫ of the population are interacting in non-household settings such as

work and market places. An exposed/latent individual undergoes an average incubation period of 1

τ
that

represents the length of time before the infected individuals can become infectious, see also [13]. The

term e−γτ is the probability of an exposed person surviving to become infectious in 4-5 days (i.e the

latent period). The parameter γ is the rate at which the exposed become infectious. To evaluate the

impact of contact tracing for the detection of new COVID-19 patients, we divide the infected class into

two, those who have their symptoms delayed due to strong immune system (asymptomatic) Ia and those

who develop symptoms immediately (symptomatic) Is. Both individuals in Is and Ia are infectious

though those in Ia may have not developed symptoms. The symptomatic individuals can be identified

and either taken to hospital/isolation centers before recovery at a rate α1 or die due to the disease at

a rate µs. Hospitalised/isolated individuals can either recover or they die due to the disease. Infected

individuals without symptoms,some can recover from the disease depending on ones immunity, develop

symptoms and move to symptomatic class or others are traced,screened and isolated in hospitals or

isolation centres. α2 is the disease progression rate of the asymptomatic individuals. A proportion ρ of

asymptomatic individual who progress get identified and isolated immediately at the rate α2ρ, while a

proportion 1 − ρ of those who progress become symptomatic without isolation at rate (1 − ρ)α2. The

asymptomatic individuals recover at a rate κ. The symptomatic infectives are hospitalised at a rate α1.

We assume that, a hospitalized/isolated individual moves to the recovered compartment R at a rate mod-

elled by the nonlinear treatment saturation function
ωH(t)

1 + ζH
, where ζ is the treatment delay parameter

and ω is the recovery rate. The function
1

1 + ζH
is a measure of the recovery inhibition due to increased

hospitalized/isolated individuals who may be too many to receive the necessary medical attention given

the limited available health care resources. Hospitalised individuals die at a rate µh.

The flow of COVID-19 infection is given in Figure 1.
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Figure 1: The model diagram

Given the flow diagram in Figure 1, the model description we have the following system of non-linear

ordinary differential equations:

dS(t)

dt
= −(1− ǫ)λ(t)S(t),

dL(t)

dt
= (1− ǫ)λ(t)S(t)− γL(t),

dIs(t)

dt
= e−γτL(t− τ) + α2(1− ρ)Ia(t)− α1Is(t)− µsIs(t),

dIa(t)

dt
= (1− e−γτ )L(t− τ)− α2Ia(t)− κIa(t),

dH(t)

dt
= α1Is(t) + α2ρIa(t)−

ωH(t)

1 + ζH(t)
− µhH(t),

dR(t)

dt
= κIa(t) +

ωH(t)

1 + ζH(t)
,

dD(t)

dt
= µhH(t) + µsIs(t),

(2)

subject to the following initial conditions

S(0) > 0, L(0) ≥ 0, Is(0) ≥ 0, Ia(0) ≥ 0, H(0) ≥ 0, R(0) ≥ 0, D(0) ≥ 0.
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2.2 Positivity and Boundedness of solution

All solutions of system (2) remain positive and bounded for all the time. For detailed prove please see

[19, 29].

2.3 Equilibria analysis of the model

The basic reproduction number R0, is defined as the number of secondary infections produced by one

infective that is introduced into an entirely susceptible population at the disease free equilibrium [5]. The

next generation matrix approach is frequently used to compute R0, see [32] for some detailed explana-

tion.

System (2) has a disease-free equilibrium (DFE) given by

E0 = (S0, 0, 0, 0, 0, 0, 0) .

The model basic reproduction number, R0, which is determined as the spectral radius of FV −1 (the next

generation matrix), is given by

R0 = RIa +RIs +RH (3)

where

RIa =
β1(1− ǫ) (1− e−γτ )

γ (α2 + κ)
,

RIs =
β2(1− ǫ)e−γτ (κ+ α2e

γτ (1− ρ) + ρα2)

γ (α1 + µs) (κ+ α2)
,

RH =
β3(1− ǫ)ρα2 (1− e−γτ )

γ (α2 + κ) (µh + ω)
.

Here R0 is the sum of three terms each representing the average new infections contributed by each of the

three infectious classes. RIa represents the new cases generated by infected asymptomatic individuals

in the community represented by compartment Ia, RIs represents the new cases generated by infected

symptomatic individuals represented by compartment Is and RH represents new cases generated by pa-

tients hospitalized or quarantined (In isolation centres).

From R0 in equation (3), each term is multiplied by β(1− ǫ)e−γτ which represents the effects of adher-

ence to the government control measures especially adherence to social or physical distancing, partial

lockdown measures, personal hygiene and individual immune response. Therefore, if social distancing is

kept, or lockdown measures are maintained, then the emergency of new corona cases is reduced. There-

fore the government’s campaigns of “maintenance of social distance”, “prolonging lockdown” and

“personal hygiene” are critical in preventing the development of new cases.

It is therefore evident from R0 that an increase in adherence to government measures and aggressive

mass testing would reduce the severity of COVID-19 in Kenya. To improve the mass testing exercise,

the government should invest in effective testing kits and large scale aggressive testing.
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From Theorem 2 in [32], we have the following result:

Theorem 1. The DFE, E0 of model (2) is locally asymptotically stable when R0 < 1 and unstable if

R0 > 1. However if R0 = 1, each index case generates one new infectious case, hence the disease

persists in a stable state but there will be no epidemic.

3 Numerical Simulations

In this section, we present a series of numerical results of system (2) using COVID-19 reported cases

data in Kenya to predict and estimate the incidence of the virus in the country considering the laid down

intervention measures and also evaluate the impact of lifting intervention policies at specific times.

3.1 Application of the model to COVID-19 data in Kenya

COVID-19 cases in Kenya were collected from March 13, 2020 when the first imported case was regis-

tered to October 15, 2020 (31 weeks since the cases were reported in Kenya) from the Ministry of Health

(MoH) as shown in Figure 2.

Figure 2: Weekly COVID-19 data for Kenya (March 13-October 15, 2020), for confirmed cases, active

cases, deaths, recoveries, new cases, new deaths, new recoveries and the number of test done.

3.2 Fitting model to data

Using least squares curve fitting method, the model system (2) was fitted to the COVID-19 reported

cumulative cases in Figure 2 and the number of reported deaths (from March 13 to July 2020, before

the Kenyan Government eased some of the disease control measures) as shown in Figures 3a and 3b and

model parameters values resulting from the fitting process are
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β1 = 0.2607, β2 = 0.4605, β3 = 0.001, κ = 0.0115, α1 = 0.133, α2 = 0.072, γ = 0.08,
ω = 0.01169, ǫ = 0.4533, ρ = 0.62, η = 0.0007, µs = 0.0901, µh = 0.032, ζ = 0.1003 and

τ = 0.115.
The initial conditions used are

S(0) = 4.7× 107, E(0) = 10, Ia(0) = 1, Im(0) = 1, H(0) = 0, Q(0) = 0, R(0) = 0, D(0) = 0.

(a) COVID-19 cases with actual Kenyan

Data

(b) COVID-19 Deaths with actual Kenyan

Data

Figure 3: Curve fitting with reported Kenyan data

The model is used to first reproduce the observed trajectory of COVID-19 in Kenya. The model reason-

ably mimics the observed data, that is the reported cases in Kenya and the number of deaths. Hence the

model can be used to make projections of the likely course of the disease as shown in Figures 3a and 3b.

3.3 Model projections

Using the parameter values and initial conditions, the projected curves for the cumulative cases and

number of deaths are displayed in Figures 4a and 4b.
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(a) COVID-19 projected cases in Kenya (b) COVID-19 projected Deaths in Kenya

Figure 4: Projections of COVID-19 Cumulative cases and number of deaths Kenya over a two year

period

Figure 4a shows that if the situation was to remain as of July 2020, before some intervention measures

were lifted, then by mid October 2020 the cumulative COVID-19 cases would be above 45000 (the

marked point on the graph).

The graph in Figure 4b shows that by mid November 2020, the number of deaths induced by COVID-19

would be around 1185 (see the marked point). To flatten the COVID-19 cumulative cases curve, the

Kenyan government should therefore strictly deploy and implement existing control measures against

COVID-19 in every county.

3.4 Impact of relaxing the government imposed social distancing measures on COVID-

19 spread

In order to decelerate the spread of SARS-CoV-2, the Kenyan government imposed strict physical dis-

tancing measures (closure of international borders, schools, restaurants, bars and nightclubs, use of face

masks in public, banning meetings and social gathering and imposing a dusk to dawn curfew and move-

ment restrictions in the two major city counties) since March 20, 2020. As evidence is emerging that

these measures may have slowed the spread of the pandemic, it is important to assess the impact of any

changes in strategy, including scenarios for the broader relaxation of social distancing and other mea-

sures. Attention is now turning to how interventions can be lifted while continuing to restrict transmis-

sion. Forecasting the impact of different likely COVID-19 exit strategies is the current central challenge

requiring mathematical modeling, but many uncertainties remain.

We simulate a range of different strategies for lifting COVID-19 intervention measures with a society-

wide relaxation of lock-down measures and in the presence of different non-pharmaceutical interven-

tions, to estimate the number of new infections.
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(a) COVID-19 dynamics with lifting of

lock-down intervention measures

(b) COVID-19 dynamics with individual

behavior change

Figure 5: Impact of individual behaviour change and lock-down lifting on cumulative COVID-19 cases.

Figure 5a shows the impact of the partial lifting of the government control measures on the disease

transmission dynamics. The simulations show that if the government opened the economy fully in mid

October 2020, the cumulative cases would level at about 130,000 cases as shown by the red line in Figure

5a. If the government allowed 50% opening of the economy, i.e (half of the of the people resume work

and partially opening schools) then the dynamics of the disease will be as shown by the green line in

Figure 5a. If 30% of the economy is opened in mid October 2020, then the disease dynamics will be

as depicted by pink line in Figure 5a. Lastly if the government had tightened further the lock down by

50% in mid October 2020, then there would be minimal new cases as depicted by the dotted green line

in Figure 5a.

We now considered the impact of individual behavior change on the projected cumulative COVID-19

cases. Figure 5b gives insights on effects of behaviour change on the disease spread. The blue line in

the 5b shows the situation as it was in July, 2020. If individuals relax their behavior of observing social

distancing and hygiene by 30%, then the increase in cumulative COVID-19 cases will be as shown by

the red line in Figure 5b. If individuals change their behavior to observe social distancing and hygiene

by 30%, then the cumulative COVID-19 cases will be as shown by the pink line in Figure 5b. The green

line in Figure 5b shows the dynamics of the disease when 50% of individuals adhere to social distancing

and hygiene measures from mid October 2020. Therefore if all individuals follow the social distancing

and hygiene prevention measures for COVID-19, then there will be decline in new cases as depicted by

the dotted green line in Figure 5b.

.
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(a) COVID-19 dynamics with lockdown

easing and individual behavior

(b) Hospitalized cases with Lock-down

easing and individual behavior

Figure 6: Impact of individual behaviour change and lock-down lifting on number of hospitalized cases.

Figure 6a shows the impact of easing the government lock down control measures on the disease trans-

mission dynamics given individual behavior change. The simulation shows that if the government al-

lowed 50% opening of the economy in mid October 2020 with individual change of behavior, followed

by relaxation of the lock down measures to 100% by mid April 2021, then the dynamics of the disease

will be as shown by the green line in Figure 6a. If 50% relaxation of the lockdown with individual be-

havior change from October 2020, then there will be a sustained decline of new cases as depicted by the

pink line in Figure 6a.

We analyzed the impact of individual behavior change and lock down relaxation on the hospitalized

COVID-19 cases. Figure 6b gives dynamics of the hospitalized cases given individual behavior change

and lifting of the lockdown control measures. The blue line in the 6b shows the situation as it was in

July, 2020. The simulation shows that If the government allowed 50% opening of the economy in mid

October 2020 with individual change of behavior, followed by relaxation of the lockdown measures to

100% by mid April 2021, then the number of hospitalized cases will be as depicted by the green line

in Figure 6b. If the government allowed 50% opening of the economy in October 2020 with individual

change of behavior, followed by individuals ignoring the social distancing and hygiene measures by mid

April 2021, then the number of hospitalized cases will be as depicted by the pink line in Figure 6b. If

50% relaxation of the lockdown with individual behavior change from October 2020, then there will be

a minimal number of hospitalized cases as depicted by the dotted green line in Figure 6b.

3.5 Impact of mass testing on COVID-19 spread given relaxation of imposed measures

We simulate the effect of mass testing considering different reopening strategy scenarios on the non-

hospitalized COVID-19 infected populations.
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(a) Intervention relaxation impact on Non-

hospitalized infected population

(b) Impact of aggressive mass testing on in-

fected population

Figure 7: Impact of Mass testing and lock-down lifting on COVID-19 diffusion given individual behavior.

Figure 7 shows the impact of a partial lifting of government control measures on the non-hospitalized

populations given individual behavior and effective mass testing. The simulation shows that with 100%
opening of the economy in mid October 2020 while ignoring social distancing and personal hygiene, the

cases will reach a peak of about 8 million in about 4 months from October as shown by the green line in

the graph 7a. If the government allowed 70% opening of the economy assuming no change in individual

behavior then the number of non-hospitalized population will be as shown by the pink line in Figure 7a.

If 50% of the economy is opened with individuals social distancing, then the population of those infected

and not yet hospitalized/isolated will be as depicted by blue line in Figure 7a. Lastly if the government

initially allowed only 30% opening of the economy in mid October 2020, then there will be minimal new

cases as depicted by the red line in Figure 7a.

Figure 7b gives analysis of the impact of partial lifting of government control measures on the non-

hospitalized populations given individual behavior and effective mass testing. If the Government only

allows 30% opening of the economy mid October 2020, then Kenya will only be worried of the already

infected population as shown by the blue line in Figure 7b. The pink line in Figure 7b shows the dynamics

of the disease when 30% lifting is imposed in mid October 2020 followed by 50% lifting of the measures

in April 2021 while observing social distancing and personal hygiene. The green line in Graph 7b

shows the dynamics of the disease when aggressive targeted contact tracing and effective mass testing

is applied and the government imposes 30% lifting in mid October 2020 followed by 50% lifting of

the measures in April 2021 while observing social distancing and personal hygiene. With aggressive

targeted contact tracing and mass testing, the asymptomatic and symptomatic patients who are not yet

in hospital will be identified and either hospitalized or quarantined in isolation centres hence preventing

further transmission. The asymptomatic persons are the problem and the contact tracing and mass testing

should be targeting this population.
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3.6 Effect of relaxing the government imposed social distancing measures on COVID-19

deaths

(a) The impact of individual behavior

change on COVID-19 deaths

(b) The impact of improved healthcare ser-

vices on COVID-19 deaths

Figure 8: Impact of lock-down lifting and improved healthcare services on on COVID-19 deaths given

individual behavior.

Figure 8 shows the COVID-19 related deaths given relaxation of COVID-19 restrictions and improve-

ment of medical services. The red line in Figure 8a shows the impact of 100% lifting of lockdown

interventions on dynamics of COVID-19 deaths in Kenya. If the government relaxed the lockdown mea-

sures by 50%, then the dynamics of COVID-19 related death will be as depicted by the green line in

Figure 8a. The red line in Figure 8b shows the impact of 100% lifting of lockdown interventions on dy-

namics of COVID-19 deaths in Kenya given change in individual behavior. If the government had lifted

the lockdown measures by 50% in mid October 2020, then the dynamics of COVID-19 related death

will be as depicted by the green line in Figure 8b assuming individual change of behavior. On the other

hand improving health-care services has an impact on the number of COVID-19 related deaths. The pink

dotted line in Figure 8b shows the death dynamics when there is 100% restriction relaxation, assuming

individual change of behavior and health-care services are improved . The COVID-19 death dynamics

when health-care services are improved and 50%lockdown is applied is depicted by the dotted green line

in the graph. From Figure 8b, there is no significant difference between relaxing the restriction measure

completely or by 50% on COVID-19 related deaths assuming improved medical services and individ-

ual behavior change. Hence the government should strive to improve the health-care services/facilities

before applying the intervention exit strategies.

4 Discussions and Recommendations

In this study, we applied the SLIRD compartmental delay differential model to the daily reported cases

of COVID-19 to estimate the transmission dynamics of COVID-19 and explore the influence of easing

intervention measures by reopening schools and economy in Kenya. We evaluated the impact of individ-

ual behavior change with a society-wide relaxation of the partial lockdown measures and with aggressive

targeted contact tracing and effective mass testing. We projected the number COVID-19 cumulative cases

across different reopening strategies.
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The combination of the intervention measure put in place by the Kenyan Government have been effec-

tive in enhancing community-level social distancing and reducing the peak incidence of infections. In

turn this has lessened the pressure on health services. The model results in our study has shown that, to

reopen or restart the economy is a long-term process. It needs to be done sequentially. Going forward,

a staggered reopening of businesses and learning institutions is highly recommended. If the Kenyan

economy reopens in phases from October 2020, prevention of a second wave would require 30% of the

business and learning institutions opened in October 2020, followed by an increase to 50% in April 2021.

However, without such measures, reopening of the businesses and educational institutions together with

unplanned relaxing of the partial lock-down measures are likely to induce a second pandemic wave.

From the model simulations, it is also shown that with aggressive targeted and effective mass testing,

the asymptomatic and symptomatic patients who are not yet in hospital will be identified and either hos-

pitalized or quarantined in isolation centres hence preventing further transmission. The asymptomatic

persons are the problem and the contact tracing and mass testing should be targeting this population.

Before the government lifts COVID-19 restrictions, there is need for evidence that the virus is being

suppressed and the government must ensure that there is robust public health capacity system in place.

Evidence from the simulations points out that, return to normalcy will require change of individual behav-

ior in following the disease intervention measures. Proper wearing of face masks and personal hygiene

together with aggressive contact-tracing and active testing will not only prevent a second wave, but also

likely to be able to control the transmission of COVID-19, hence preventing new cases and deaths.

The model presented in this paper is not without shortcomings. It is vital to note that as the epidemic

evolves, new information has been coming with respect to the virus, intervention measures and issues

related to vaccine development. It is thus important to adapt such a model to the changes in the disease

landscape for better predictions. the model could also include vital dynamics especially if projected over

a few years. The data availability with respect to the pandemic has been changing and this can also impact

the fitting process and projections. Despite these shortcomings, the model presents some interesting

results on the potential role of the different intervention measure taken by the Kenyan government.
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Figures

Figure 1

The model diagram



Figure 2

Weekly COVID-19 data for Kenya (March 13-October 15, 2020), for con�rmed cases, active cases, deaths,
recoveries, new cases, new deaths, new recoveries and the number of test done.

Figure 3

Curve �tting with reported Kenyan data



Figure 4

Projections of COVID-19 Cumulative cases and number of deaths Kenya over a two year period

Figure 5

Impact of individual behaviour change and lock-down lifting on cumulative COVID-19 cases.



Figure 6

Impact of individual behaviour change and lock-down lifting on number of hospitalized cases.

Figure 7

Impact of Mass testing and lock-down lifting on COVID-19 diffusion given individual behavior.



Figure 8

Impact of lock-down lifting and improved healthcare services on on COVID-19 deaths given individual
behavior.
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