arXiv:2205.05174v1 [g-bio.PE] 10 May 2022

[Note:]
This is a peer-review, pre-copyedit version of this article.

Mathematical Modeling and Investigation on the Role of
Demography and Contact Patterns in Social Distancing
Measures Effectiveness in COVID-19 Dissemination

Marco A. Ridenti - Lara K. Teles - Alexandre
Maranhao - Vladimir K. Teles

Received: date / Accepted: date

Abstract In this article, we investigate the importance of demographic and contact patterns in
determining the spread of COVID-19 and to the effectiveness of social distancing policies. We in-
vestigate these questions proposing an augmented epidemiological model with an age-structured
model, with the population divided into susceptible (S), exposed (E), infected and asymptomatic
(A), hospitalized (H), infected and symptomatic (I), and recovered individuals (R), to simulate
COVID-19 dissemination. The simulations were carried out using six combinations of four types
of isolation policies (work restrictions, isolation of the elderly, community distancing and school
closures) and four representative fictitious countries generated over alternative demographic tran-
sition stage patterns (aged developed, developed, developing and least developed countries). We
concluded that the basic reproduction number depends on the age profile and the contact patterns.
The aged developed country had the lowest basic reproduction number (RO = 1.74) due to the low
contact rate among individuals, followed by the least developed country (RO = 2.00), the develop-
ing country (RO = 2.43) and the developed country (RO = 2.64). Because of these differences in the
basic reproduction numbers, the same intervention policies had higher efficiencies in the aged and
least developed countries. Of all intervention policies, the reduction in work contacts and commu-
nity distancing were the ones which produced the highest decrease in the RO value, prevalence,
maximum hospitalization demand and fatality rate. The isolation of the elderly was more effective
in the developed and aged developed countries. The school closure was the less effective interven-
tion policy, though its effects were not negligible in the least developed and developing countries.
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1 Introduction

The outbreak of the COVID-19 disease, caused by the novel coronavirus SARS-CoV-
2, which began in Wuhan, China, in late 2019, has spread worldwide, and has been
officially declared a global pandemic [2]. Since then, it caused unprecedented pub-
lic health interventions, including from social distancing, the closure of schools,
home-office to full lockdowns procedures, which reduced the instantaneous repro-
duction number and help to contain the disease. Several standard mathematical epi-
demiological models were used and other new ones were developed to predict the
incidence of the epidemics in a spatial population through time. A common model
used, for example, by the economists is the traditional epidemiological model SIR
(susceptible-infected-recovered), as summarized by [3] and [4]. This model was
used to evaluate the optimal social distancing policies [5] or incorporating them
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into economic models endogenizing consumption and labor supply decisions (e.g.,
[6,7,8,9]). Another approach in the epidemiology literature has been to study the
dynamics of the pandemic in extended versions of the basic SIR model, introducing
exposed (E) people and incorporating age-structured dynamics based on contact
matrices at work, school, family and social environments, as in [10,11,12].

Among the several factors that affect the COVID-19 dissemination, there are the
contact matrices, the demography, and the basic reproduction number RO. At the
same time, contact patterns and demography vary greatly among countries. To ap-
preciate this, we can observe the examples presented in Figures 1 and 2, where the
contact patterns of the elderly population and population pyramids of the United
States, Brazil, Nigeria and Germany are presented. Since person-to-person trans-
mission is mostly driven by who interacts with whom, which can vary greatly by
age, the prevalence, hospitalization and fatality rates of COVID-19 may be strongly
dependent on those characteristics.
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Fig. 1: Mean Age Contact Patterns of Population with an Age Higher than 65 years.
Source: authors’ calculations, original data from [13]

However, as stressed by [14], the direction of the relationship between demog-
raphy and the burden of COVID-19 is not clear. While developed countries present
a much higher proportion of the population above 65, the age interval at partic-
ularly high risk of mortality from COVID-19, least developed countries present a
much higher average household size of individuals aged 65 and over, increasing the
potential spread specifically to this vulnerable age group. As documented by [13],
demography and contact patterns walk together. These characteristics are a key con-
text for COVID-19 transmission and fatality and may have ambiguous effects on the
risk profile for COVID-19. Even more uncertain is how the effectiveness of social
distancing measures may be compromised by demography and contact patterns.
To illustrate, while Germans over 65 have more contact with others of the same age
group and adults, in Nigeria, the elderly predominantly have contacts with chil-
dren (Figure 1). Within these opposite social structures, school closure policies or
restrictions on work may have distinct marginal effects in protecting the elderly
from contamination.



Marco A. Ridenti et al.

Population of United States of America in 2020

Mals (100)

Femes (1000

Males (1000

Population of Brazil in 2020

Females (x1000)

[

14000 12000 10000 8000 6000 4000 2000

Meles (x1000)

Population of Nigeriain 2020

Females (11000)

2000 4000 600 8000 10000 12000 14

800 600 4000

Meles (<1000)

200 200

Population of Germany in 2020

o0 600 800 10

Femaes (c1000)

I 1046 I

[ 59 1 [ 59 1
[ 04 1 [ 04
W0 W 00 50 W0 000 mm 200 HO A0 B0 20 B0 W0 50

500 1000 1500 2000 2500 E

Fig. 2: Population Pyramids by Age and Gender. Source: World Population
Prospects 2019. United Nations.

Existing research has already emphasized the importance of demography, e.g.,
[15,16,17,18,19,20,21] and contact networks, e.g., [22,23,24,25,26,27] in explain-
ing the spread of COVID-19. However, it is necessary to quantify its role in the
effectiveness of intervention policies.

Besides all the aspects mentioned above, the basic reproduction number, RO,
which is an indication of the transmissibility of the virus, representing the average
number of new infections generated by an infectious person in a fully susceptible
population, should vary because neither the contact matrix nor the demographic
profiles are the same for different countries. Therefore, it should be of great use
and interest the development of an epidemiological model that takes into account
all these characteristics together and assess the interaction effects between them.

In this paper, we develop a mathematical augmented epidemiological model to
investigate how epidemic dynamics and the effectiveness of isolation policies, such
as school closures, work restrictions, community distancing and isolation of the
elderly, depend on demographics and contact patterns. The proposed augmented
epidemiological model is based in an age-structured SEAHIR model that divide the
population into susceptible (S), exposed (E), infected and asymptomatic (A), hos-
pitalized (H), infected and symptomatic (I), and recovered (R) individuals to sim-
ulate COVID-19 dissemination. Four fictitious representative countries were build
fitting the contact patterns and demographic parameters to least developed, devel-
oping, developed and aged developed countries, setting the same population size
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for all of them and all other epidemiological parameters remaining equal. Apply-
ing the SEAHIR model to simulate COVID-19 dissemination in these four fictitious
representative countries, we obtain a quantitative assessment of the marginal im-
portance of contact patterns and demographics on the spread of COVID-19. We
complete our simulations by building six scenarios with alternative combinations
of four social distancing policies (school closures, work restrictions, isolation of the
elderly and community distancing) and compare their effectiveness under different
demographic and contact network patterns.

Therefore, this paper is related to both areas of study, developing and applying a
general and detailed epidemiological model that incorporates hospitalized individ-
uals, accounting for the demand for medical care due to COVID-19, and carefully
observing how the risk profile for COVID-19 could be different in countries with al-
ternative contact patterns and demographics and, consequently, how the tradeoffs
related to social distancing policies vary among countries.

The paper is organized as follows: the next section describes the SEAHIR model.
Section 3 presents the methodology and calibrates the model parameters. Section 4
discusses the results, and section 5 concludes the paper.

2 The age-structured SEAHIR model

The model that we propose to study the relationship between demography, contact
patterns, and the effectiveness of social distancing policies adds asymptomatic and
hospitalized groups to the model recently proposed by [12] being more appropriate
to mimic the COVID-19 dissemination.

Each period, a fraction of susceptible individuals (S) is exposed to the virus.
Such exposed individuals (E) become infected and may become symptomatic (I)
or asymptomatic (A). The transmission probability from exposed or asymptomatic
individuals to susceptible individuals is not null but is smaller than the transmis-
sion probability from symptomatic individuals to susceptible individuals. While all
asymptomatic patients recover (R) over time, symptomatic patients may recover or
be hospitalized (H), and the latter, in turn, may recover or die (C). The total sum of
living individuals is represented by the variable N. (Figure 3)

All parameters governing each transition between the health status of individ-
uals are age specific. Thus, we consider age groups with intervals of 5 years, from
0 to 74 years of age, and an open interval > 75 years, comprising a total of 16 age
groups. Therefore, the model is defined by a system of 96 differential equations
composed of 16 age groups and 6 health statuses. In this age-structured model, we
use subscribed indices (i = 1 to 16) to indicate the age range of a dynamic variable.
The equations of the SEAHIR model can be generalized and written as
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The death rate coefficient under normal conditions is given by pe,, and picoy is

the COVID-19 age stratified death rate coefficient. The other parameters are A, the

population’s typical birth rate coefficient; B;;, the contamination rate matrix; yRIL



Title Suppressed Due to Excessive Length 7

the typical symptomatic recovery rate coefficient; y®4, the typical asymptomatic
recovery rate coefficient; ¥, the hospitalization rate coefficient; y'%, the typical
hospitalized recovery rate coefficient; a, the exposed-to-infected conversion rate co-
efficient; , a parameter that represents how much lower asymptomatic infectivity
is than symptomatic infectivity; &, a parameter that represents how much lower
presymptomatic infectivity is than symptomatic infectivity (« and £ must be a pos-
itive value less than or equal to 1); and p, which is the probability that an exposed
person will become symptomatic.

A set of key parameters in explaining how demographics and account contact
patterns for the spread of the virus is defined in the g ; matrix, which should be
interpreted as the rate of infection of susceptible individuals in the i age range by
infected individuals in the j age range. In that sense, f; ; is given by multiplying
the probability of contagion or susceptibility p; and the social contact matrix Cy,,
which is described by the sum of the interaction matrices of the contacts at home,
Cg, work Cg, school C]f]. and other sources Ckoj

H w S o
Chj=T(CH+C +C+CP) . (8)

where T is a transformation of the contact matrices describing the effect of social
distancing measures.

3 Methodology
3.1 Calibration

To perform the simulations based on the SEAHIR model, we calibrate the param-
eters that govern the differential equation system based on up-to-date knowledge
about COVID-19.

The age-specific hospitalization parameters were obtained from [28] according
to the statistics of Chinese cases corrected for underreporting and demographic
profile. In this model, the probability of a case being clinical/symptomatic (p;) and
the susceptibility p; are age dependent. The values of p; and p; were extracted from
the work of Davies et al [29], who estimated these parameters by fitting an age-
structured mathematical model to epidemic data from China, Italy, Japan, Singa-
pore, Canada and South Korea.

With respect to time span parameters, we considered the average infection time
(dr) 5 (3 - 7) days [30], the average incubation time (dy) 7 (4.6 - 9) days [31], the
average time from infection to death (dc) 15.0 (12.5 - 17.8) days [32,33], the time
from onset of infection to hospitalization (dy) 6 (3-7) days [34,35], and the typical
time in hospitalization until discharge (d4) 8 (4-15) days [34]. Using these time
span parameters, we obtained the recovery rate coefficient of symptomatic infection
(Yrr~1- e~(1/41)), the recovery rate coefficient of asymptomatic infection (YrA ~
1 — e (1/d1)y the hospitalized recovery rate coefficient (ygr ~ 1 - e~1/d4)) "and the
incubation period conversion rate coefficient (a ~ 1 - e~(1/dn)),

The hospitalization rate coefficient of the infected is given by

va =Vr1¢/(1 =) )

where ¢ is the percentage of infected persons requiring ICU admission [28].
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The parameter p,,, is conditioned by the prescribed infection fatality rate, Ty ¢,
and is estimated by the equation

Heov ~ TL,C%(VH"‘VRI)- (10)
These relations between the parameters must be satisfied so that the model results
remain always consistent with the prescribed infection fatality rate (T; ¢) and the
percentage of infected persons requiring ICU ( ¢). In Appendix A, these expressions
are derived from the model system of equations (Egs. 1 to 6) . We consider that the
infection fatality rate (T} ¢) and the percentage of infected persons requiring ICU
(¢) are distributed among age groups according to Wuhan statistics estimated by
[28].
The correction factor for the subclinical infection coefficient, a, was considered
to be 0.75 and the correction factor for the presymptomatic infection coefficient, &,
was set equal to 0.5 following the CDC recommended values [36].

3.2 Demography and Contact Patterns

To measure the importance of demographics and contact patterns for the dissemi-
nation of COVID-19, we built four representative fictitious countries whose demo-
graphic and contact patterns refer to stages of demographic transition and applied
the SEAHIR model simulations to them.

We keep all general parameters constant, as calibrated in the previous session,
and assign the four representative fictitious countries the same population size (10
million inhabitants), since distinct population sizes would affect the dynamics of
the spread of the disease. The initial condition is always the same for all simula-
tions and is set as follows: the infected population is set to one, the susceptible
population is set to the total number of individuals (population size) and all the
other dynamical variables are set to zero.

In addition, we assumed that the average probability of getting infected after
one contact (p;) depends only on the age of the susceptible individuals. We con-
sidered that this probability is the same for all countries. We note that the average
number of contacts between individuals depends on the country, since it reflects
the specific social patterns of the country, but the susceptibility depends only on
the nature of the disease and the typical human immunological response to it. The
susceptibility may vary due to differences on virus strains or genetic differences
among different individuals, but these effects were not taken into account in our
simulation. By fixing the susceptibility per age group for all countries and all the
model parameters, we may compute the expected variations on the epidemiologi-
cal dynamics that are only due to differences of contact patters and demographic
profiles.

As a consequence of fixing the susceptibility per age group, the basic repro-
duction number RO should vary because neither the contact matrix nor the demo-
graphic profiles are the same for different countries. We could eventually adjust
the susceptibility in order to get the same RO value for all countries, but this would
be unrealistic, since the basic reproduction number should naturally vary both as a
function of the intrinsic disease biological characteristics and the population behav-
ior. Therefore, we shall first determine the basic reproduction number R0 without
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intervention for each country. This would give us information of the disease dynam-
ics which are only due to social and demographic factors. Next, we shall compute
how different interventions affect the basic reproduction number for different coun-
tries.

The RO was computed exactly using the next-generation method [37,38]. In this
method, the right-hand side of the system of equations (Egs. 1 to 6) is split in a
creation term J;, representing the rate of new infections in compartment i, and a
loss term V;, representing the rate of transition of infected to other infection com-
partments. By defining the matrices F; ; = d%/dx; and V;; = dV;/dx;, where x; is
any compartment with infected individuals, the basic reproduction number is com-
puted as the spectral radius of the matrix FV~! (see Appendix B). We could eventu-
ally derive a complicated analytical expression for the R0 value, but as the model
contains too many compartments and parameters, we preferred to build a compu-
tational routine to compute the RO values from any given set of model parameters
and contact matrices.

We simulated the dissemination of COVID-19 in four alternative demographic
and contact patterns. As highlighted by [13], there is a clear relationship between
demographics and the contact patterns of people and generations. The size of fam-
ilies, the number of students in school classrooms, the number of people living
in the same house and people’s occupation are determinants of the contact matrix
and are determined by demographics. Thus, when classifying countries into stages
of demographic transition, we automatically define their patterns of interpersonal
and intergenerational contact.

In general, we can establish four patterns to represent countries according to
their stage of demographic transition in the current world:

Least Developed Countries (LDCs): have a high fertility rate and rapid popu-
lation growth, with the demographic pyramid having a triangular shape;

Developing Countries (DGCs): women have an increase in their status, they
have access to contraception, they have a reduction in the fertility rate, and the
rate of population growth begins to be reduced. The age pyramid has a transition
format;

Developed Countries (DCs): birth and death rates are low, stabilizing the size
of the population;

Aged Developed Countries (ADCs): the fertility rate has fallen well below that
of fertility, where the elderly population now represents a considerable share of the
population.

The contact matrices C;; and demographic parameters that we will use to repre-
sent each of these demographic stages came from Nigeria (Least Developed Coun-
tries Stage), Brazil (Developing Countries Stage), United States (Developed Coun-
tries Stage), and Germany (Aged Developed Countries)!. The data sources are the
United Nations’ World Population prospects and [13].

3.3 Policy Interventions

To assess the effectiveness of intervention policies in different environments for
contact patterns and demography, we simulated the implementation of six combi-

I Since all other parameter do not follow the values of these countries, our simulations should
not be interpreted as forecasts for them.
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nations of four alternative types of intervention (school closures, community dis-
tancing, restrictions on work and isolation of elderly individuals) for one year. In
all simulations, the intervention starts after the time when around 100 individuals
are currently infected.

3.3.1 Scenario 1: No intervention

The total contact matrix is given by Eq. 8.

3.3.2 Scenario 2: School closure, community distancing, work restrictions and isolation
of the elderly

Through scenarios 1 to 6, this is the strictest one. In this scenario, the school matrix
is zeroed, and a decrease in youth contacts in the community is applied to the Cko].
matrix. A decrease in work contacts is also considered.

At the same time, since all individuals spend more time at home, we consider
an increase in youth contact (0 to 20 years) and a minor increase in other age groups
in the home matrix. To restrict the contacts of the elderly to the home, a reciprocal
transformation should be performed on the matrices to reduce only the rows and
columns corresponding to the older population range:

Crj = Ak Cj + C(T-CY Ty +0-(T-C° D)y + Bp(T- €O - T (11)

where A is a diagonal matrix, e.g., A;; = 1.5 fori =1 to 4 and A;; = 1.1 for i > 4,
in the case of a 50% increase for young people and 10% increase for adults and
the elderly; B is a diagonal matrix, e.g., B;; = 0.4 for i = 1 to 4, and B;; = 0.6 for
i >4 (60% decrease in youth community contacts and 40% decrease for other age
groups); and C; is a scalar, with ¢; = 0.5 for all i, in the case of a 50 % decrease in
work contacts.

Some models consider total isolation of the elderly, i.e., no contacts with adults
and younger individuals not only outside home, but also no contacts at home. We
consider this supposition too idealistic and unfeasible, since old people require the
aid of younger people at home. For this reason, we preferred to keep unchanged the
contact matrix of old people at home.

3.3.3 Scenario 3: School closure, community distancing and isolation of the elderly

In this intervention scenario, the contacts of the elderly are restricted to the home.
We consider a prescribed increase in youth contact (0 to 20 years) and a minor
increase in other age groups in the home matrix. The school matrix is zeroed. A
prescribed decrease in contacts in the community is applied to the Ckoj matrix.

Crj = A Cll+ (T-CV 1)y + 0+ (I-C° - T)y + B (I- €O - T (12)

where A is a diagonal matrix, e.g., A;; =1.5fori =1to 4 and A;; = 1.1 for i >4, in
the case of a 50% increase for young people and 10% increase for adults and the
elderly; and B is a diagonal matrix, e.g., B;; = 0.4 for i = 1 to 4, and B;; = 0.6 for
i >4 (60% decrease in youth community contacts and 40% decrease for other age
groups).
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3.3.4 Scenario 4: School closure and community distancing

In this case, we consider a prescribed increase in youth contact (0 to 20 years) and a
minor increase in other age groups in the home matrix. The school matrix is zeroed.
A prescribed decrease in contacts in the community is applied to the Cl?j matrix,

_ H, ~W S o

where A is a diagonal matrix, e.g., A;; =1.5fori =1to 4 and A;; = 1.1 for i >4, in
the case of a 50% increase for young people and 10% increase for adults and the
elderly, and B is a diagonal matrix, e.g., B;; = 0.4 for i = 1 to 4 and B;; = 0.6 for
i >4 (60% decrease in youth community contacts and 40% decrease for other age

groups).

3.3.5 Scenario 5: Isolation of the elderly and community distancing

In this intervention scenario, the contacts of the elderly are restricted to the home.
There is no change in the home matrix, since now the schools are open. A prescribed
decrease in contacts in the community is applied to the Ckoj matrix.

Cyj = c,g +(T-CW D)+ (1-CF D)+ B (T-CO - 1)y (14)
where B is a diagonal matrix, e.g., B;; = 0.4 for i = 1 to 4, and B;; = 0.6 for i > 4 (60%
decrease in youth community contacts and 40% decrease for other age groups).

3.3.6 Scenario 6: Community distancing

A prescribed decrease in contacts in the community is applied to the C}9 matrix,

but there is no change in the home matrix, since now the schools are opened, and
we have

Ck]-:C]g+C]¥+C]§j+Bka8, (15)

where B is a diagonal matrix, e.g., B;; = 0.4 for i =1 to 4, and B;; = 0.6 for i > 4 (60%
decrease in youth community contacts and 40% decrease for other age groups).

3.3.7 Scenario SL: Strong Isolation

This is the closest scenario to a full lockdown, used as a reference scenario for which
all countries would experience a basic reproduction number RO lower than one.
This case is similar to scenario 2, but the work contacts are reduced by 70% and the
community contacts are reduced by 90% for all age groups. This scenario was only
used to serve as an example of social isolation levels that could effectively stop the
epidemic.
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Developing Country Developed Country

Scenarios Scenarios
Least Developed Country Aged Developed Country
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Scenarios Scenarios

Fig. 4: Basic reproduction number RO. Scenario 1: No intervention; Scenario 2: School clo-
sures + isolation of the elderly + community distancing + work restrictions; Scenario 3: School
closures + isolation of the elderly + community distancing; Scenario 4: School closures + com-
munity distancing; Scenario 5: Isolation of the elderly + community distancing; Scenario 6: Only
community distancing during the full year;

4 Results

When simulating the SEAHIR model for the four representative fictitious countries
and the six policy intervention scenarios, we evaluated the results based on four
indicators: basic reproduction number (R0), prevalence after one year, demand for
hospitalizations at the maximum point, and fatality rate (deaths/100 k) after one
year.

The computed basic reproduction numbers RO for each scenario and country are
shown in Figure 4. The results show the differences between R0 values among dif-
ferent countries and the quantitative impact of intervention policies on their values.
The RO values without intervention are 2.43 (developing country), 2.64 (developed
country), 2.00 (least developed country), 1.74 (aged developed country). These RO
values are consistent with literature values estimated in the early epidemic break-
down in China, as reported by a review by [39] yielding expectation values around
2-3. China can be classified among the group of developing or developed countries,
so the results are consistent with these literature estimates. The consistency of the
computed reproduction number warrants that the present model should give rea-
sonable estimates of other relevant quantities, such as fatality and prevalence. High
accuracy should not be expected, however, as the model contain some uncertain
or simplifying assumptions and some of its parameters are not known accurately.
All the results and conclusions of this simulation are valid as far as the basic as-
sumptions of the model hold. Despite these limitations, simulation results may be
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insightful as they allow us to draw the connection between different demographic
and social characteristics and their ultimate impact on the epidemic behavior.

As we have already discussed earlier, the R0 is not a constant parameter because
it depends on the typical behavior of the population where the epidemic spreads.
Curiously, our results show that the least developed country and the aged devel-
oped country have the lowest RO values. This result has already been observed in a
previous work where age dependent susceptibilities were also considered [40]. In-
dividuals in aged developed countries usually have much lower social contact rates
both at home and outside home than least developed countries. We computed the
average number of contacts an individual has during the time she/he is infectious,
and we find that in the least developed country this number is 24 while in the the
aged developed country this number is 4. It is not hard therefore to understand why
the aged developed country should have lower reproduction numbers given the as-
sumptions of the present model. The least developed country has a low R0 value for
a different reason: it has an expansive population pyramid while the susceptibility
among younger people is much lower. These factors compensate its much higher
social contact rates, since contacts occur mainly between young people. The high-
est values of RO were observed for the developed and developing countries, because
they have higher social contact rates than aged developed country while having a
significant ratio of its population in the older age groups.

The strictest intervention policy (scenario 2) reduced by around 45% the basic
reproduction number for all countries, without pronounced differences between
them (42% DGC, 45% ADC, 46% LDC, 46% DC ). In this scenario, the R0 value in
the aged developed country dropped to less than one, and the RO value in the least
developed was higher but very close to one. By allowing work contacts (scenario 3),
the decrease was around 20% (21% DGC, 24% ADC, 23% LDC, 24% DC). By lifting
the isolation of elderly people (scenario 4), the decrease was 15% for the DGC, 14%
for the ADC, 12% for the LDC, and 15% for the DC. In this scenario the LDC had
the lowest R0 decrease, which can be readily attributed to its relatively smaller old
population. In scenario 5, where the elderly are isolated, but schools are opened,
the decrease was 19% for the DGC, 23% for the ADC, 20% for the LDC, and 23%
for the DC. The school opening (scenario 5) in the aged developed country had very
little impact in the RO value, with a decrease of around 2% in relation to scenario
3, but the impact was higher on the least developed and developing countries, with
decreases of 11% and 8% in relation to scenario 3. Finally, in scenario 6, where
only community contacts are restricted, the decrease in RO was 14% for the DGC,
14% for the ADC, 10% for the LDC, and 14% for the DC. For the ADC, there was
virtually no difference in terms of RO between scenario 4 (school closing and com-
munity distancing) and scenario 6 (community distancing), so school closing had
low impact on the epidemics for this country. School closing had a stronger effect
on the LDC and the DGC, where the relative RO decrease from scenario 4 (school
closing and community distancing) to scenario 6 (community distancing) was 20%
and 11%, respectively.

We may conclude from this analysis that restrictions in work and community
contacts had higher impact on the decrease of RO values, with elderly isolation
coming next and school closing at last. The relative decreases in RO for each sce-
nario are similar, with some small differences. Therefore, countries having higher
basic reproduction numbers, such as developing and developed countries, need to
adopt more restrictive measures - or alternative non-pharmaceutical intervention
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strategies - in order to reduce the reproduction number to lower levels. We also
computed the expected RO in the case of strong isolation (SL scenario), resulting
in 0.87 for the DGC, 0.65 for the ADG, 0.70 for the LDC and 0.90 for the DC. In
this scenario, all RO values were decreased to levels below one, but the lowest levels
were those from the least developed and aged developed countries, because their
basic reproduction numbers without intervention were lower.
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Fig. 5: Prevalence after one year (%) Scenario 1: No intervention; Scenario 2: School closures
+ isolation of the elderly + community distancing + work restrictions; Scenario 3: School closures
+ isolation of the elderly + community distancing; Scenario 4: School closures + community dis-
tancing; Scenario 5: Isolation of the elderly + community distancing; Scenario 6: Just community
distancing during one year;



Title Suppressed Due to Excessive Length 15

The simulated results for prevalence are presented in Figure 5. The aged devel-
oped country presented the higher prevalence in the scenario with no intervention
(69.8%), and the least developed country had the lowest prevalence (42.1%), since
it has a higher proportion of young people who present a lower symptomatic infec-
tion rate and susceptibility. After the strictest scenario (scenario 2), the developing
country had the higher prevalence (37.4%), while the aged developed country and
the least developed country had almost zero prevalence due to the very low RO
value. Therefore, this social distancing policy had a high relative impact in aged
and least developed countries, since the prevalence decreased from 54.2% to 0.1%
in the former and decreased from 42.1% to 0.7% in the latter. In the developing
and least developing countries the decrease in the prevalence was not as marked as
in the previous cases, decreasing from 69.8% to 37.4% in the DGC, and 69.8% to
35.9% in the DC. This can be explained by the higher RO value of the epidemic in
these countries. Also, because the in-house contacts of the elderly is not restricted
in this model, their corresponding compartment would still be susceptible to infec-
tion and fatalities.

By comparing now all the intervention scenarios, it can be readily seen that the
work contact reduction was the intervention giving the largest contribution to the
decrease of prevalence and R0, which has already been noted earlier. Although the
prevalence reduction in the developed and developing countries were not as large
as in the other cases after intervention (scenario 2), the work contact reduction is
responsible for more than 50% of the effectiveness of the intervention. Let’s now
analyze the effectiveness of the other interventions.

The effectiveness of a simple community distancing policy (scenario 6) was very
similar between the developing and developed countries, with a relative decrease in
prevalence ranging from 8.6 % (developed country) to 10.5 % (developed country).
The relative decrease for the aged developed country and least developed country
were higher, 24.7 % in the former and 23.8 % in the latter. This difference may
be again explained by the lower final value of RO after the simple community dis-
tancing policy. The scenario 6 is important as it allow us to study separately the
effectiveness of the school closure (scenario 4) and the isolation of the elderly (sce-
nario 5). Hereafter, in the following discussion of the prevalence, all the relative
variations were computed taking as reference the prevalence value from scenario 6.

Scenarios 4 (school closure) and 5 (isolation of the elderly) presented strongly
different effectiveness, in comparison with scenario 6, between countries due to de-
mography. The isolation of the elderly reduces the overall prevalence by 58.8% in
aged developed countries but only 6.1% in the developing country, 8.2 % in the
least developed country and 15.7% in the developed country. On the other hand,
school closure reduces the overall prevalence by 8.7% in the least developed coun-
try and 3.1% in the developing country, but only 1.4% in the developed country. In
the aged developed country there is a small detrimental effect of -0.2%. Here, we
can observe that even with the limited effectiveness of school closure, it presents a
higher overall reduction in prevalence than the isolation of the elderly in the least
developed country. School closure was 7.4% more effective than isolation of the el-
derly in the least developed country, while isolation of the elderly was 11.2 times
more effective than school closure in the developed country and twice more effec-
tive in the developing country. We conclude here that isolation of the elderly had
more impact when compared with school closure, except in the case of the least
developed country.
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Fig. 6: Maximum Demand for Hospitalization. Scenario 1: No intervention; Scenario 2:
School closures + isolation of the elderly + community distancing + work restrictions; Scenario
3: School closures + isolation of the elderly + community distancing; Scenario 4: School closures
+ community distancing; Scenario 5: Isolation of the elderly + community distancing; Scenario 6:
Only community distancing during the full year;

The simulation results for the maximum demand for hospitalizations are pre-
sented in Figure 6. In the case of no intervention, the number of hospitalizations
was 5.4 times higher in the developed countries than in the least developed country.
The highest value was observed in the developed country, since it has the highest
RO value and a relatively high old population. The peak number of hospitalizations
was 1.3 higher in the developing country than in the aged developed country, de-
spite the latter having a much higher relative old population. In this case, the lower
RO value of the aged developed country compensates the increased risk of hospital-
ization due to its higher average age.

The maximum demand for hospitalization is virtually reduced to zero after the
strictest intervention (scenario 2) in the aged and least developed countries due to
the large decrease in the R0 value. In the developing country the maximum demand
for hospitalization was reduced by 71.8 % and in the developed country it was re-
duced by 78.9 %. The relative reduction on the maximum hospitalization demand is
the highest among the four quantities in analysis (the other are R0, prevalence and
fatality), which shows that intervention policies can be quite effective to alleviate
the epidemic burden on the healthcare system.

Community distancing (scenario 6) reduced maximum demand for hospitaliza-
tion with a similar effectiveness between the developing and developed countries
(10.5% and 8.6%, respectively), and a similar effectiveness between the aged and
least developed countries (23.7 % and 24.7 %). Scenarios 4 (school closure) and 5
(isolation of the elderly) in comparison with scenario 6 present different patterns be-
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tween aged developed countries and least developed countries, following the same
direction of prevalence. The qualitative behavior is essentially the same, except for
the fact that the isolation of the elderly is always the intervention policy with the
highest impact.
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Fig. 7: Annual Fatality Rate (deaths/100k). Scenario 1: No intervention; Scenario 2: School
closures + isolation of the elderly + community distancing + work restrictions; Scenario 3: School
closures + isolation of the elderly + community distancing; Scenario 4: School closures + com-
munity distancing; Scenario 5: Isolation of the elderly + community distancing; Scenario 6: Only
community distancing during the full year;

Finally, simulation results for the annual fatality rate (deaths/100k) are pre-
sented in Figure 7. There are substantial differences in fatality rates between coun-
tries due to demography. In the scenario without interventions (scenario 1), the
aged developed and the developed countries presented 608 and 646 deaths per
100,000 people after one year, respectively, while the developing and least devel-
oped countries presented 407 and 121 deaths per 100,000 people after one year.
Although the aged developed country had the lowest RO value, it was the second
country with the highest fatality rate. This may be explained by the high prevalence
among old people, which is a direct consequence of a demographic profile with the
highest ratio of old individuals. The developed country had the highest fatality rate,
which is a consequence of both its relatively high fraction of old people in the total
population and the high R0 value. The relatively small value of the fatality rate in
the least developed country is simply explained by the very small fraction of the
population in the group of individuals being 55 years-old or more.

The fatality rates computed in the simulations are higher than the ones observed
in the year 2020. For instance, by consulting the data of fatalities due to COVID-19
in these countries in 2020 [41], we found that Brazil had 134 deaths/100k , Ger-
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many had 86 deaths/100k, Nigeria had 1 deaths/100k and US 155 deaths/100k.
The real fatality rates reflect the actual intervention policies and many other fac-
tors which were not considered in the model, such as the contact pattern hetero-
geneity in big countries, the differences in susceptibilities due to different kinds of
work and community interactions among individuals, the voluntary reduction in
contacts, the use of masks and other personal hygiene measures that reduces the
probability of infection. Also, the infected and asymptomatic did not have their
contacts decreased in this model, when in reality they are often quarantined volun-
tarily or mandatorily. Despite that, the model explains the global trend, with the
developed and developing country having the highest fatalities rates, and the least
developed country having by far the lowest fatality rate. The model is not supposed
to be accurate, but it predicts that the epidemic should be more difficult to control
in a developing and developed country, due to their contact pattern and age profile.
It also predicts a much lower impact in terms of fatality rates in the least developed
countries. These features were indeed observed in the epidemic data from these
countries.

The strictest intervention policy (scenario 2) reduced by 23.5% the fatality rate
in the developing country and by 43.8% the fatality rate in the developed country.
The fatality rates in the least and the aged developed countries were reduced by
almost 100 % due to the reduction of the RO value to a value near one. In the devel-
oping and least developed countries the work restrictions had the greatest impact in
the reduction of fatality rates, responding for 89.9 % and 66.2 % of the decrease, re-
spectively, while in the aged developed and developed countries the isolation of the
elderly had the greatest impact, responding for 55.0 % and 51.7% of the decrease,
respectively. The school closure had a small detrimental effect in the developed and
age developed countries, for the same reasons discussed earlier, but it had a small
beneficial effect in the least developed and developing countries.

A remarkable result was that all intervention policies had a relatively small im-
pact in the fatality rate in the developing country. The reason for that lies in the as-
sumption of our model that the isolation of the elderly does not decrease the home
contacts. In developing countries, grandparents often leave with their descendants
(children and grandchildren) by need and not by option. If somehow the elderly
could also live isolated, with no contacts but the essential, then this figure could
drastically change. The relative decrease in fatality rate due to the isolation of the
elderly in the developed and the least developed country is much higher because
home contact rates between the young and the elderly in these countries are not as
high as in the developing and least developed countries.

5 Conclusions

Since the outbreak of the SARS-CoV-2 (COVID-19) pandemic, countries have sought
to contain the spread of the virus and protect the lives of their inhabitants. The
most widely used measures have been the adoption of social isolation policies, with
tradeoffs that appear to vary substantially between countries. This article sought to
investigate the importance of contact patterns and demography in the spread and
fatality of COVID-19 and, perhaps more importantly, how these factors influence
the effectiveness of social distancing measures. By accounting for the magnitude of
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such effects, we can shed light on the size of the tradeoffs involved in the decision
to implement such policies on a case-by-case basis.

To this end, we develop and implement an age-structured SEAHIR (susceptible
- exposed - asymptomatic - hospitalized - infected (and symptomatic) - recovered)
augmented epidemiological model to conduct simulations of six combinations of
four types of isolation policies (work restrictions, isolation of the elderly, commu-
nity distancing and school closures) to four representative fictitious countries gen-
erated over alternative demographic transition stage patterns (aged developed, de-
veloped, developing and least developed countries). The computer code used in this
work to solve numerically the SEAHIR differential equations are available online on
GitHub and it can be eventually adapted to other applications such as data fitting,
specific demographic studies and integration into economic models.

The results indicate that the burden of COVID-19 varies significantly between
different demographic and contact patterns. The basic reproduction number RO sets
how fast the pandemic spreads and determines the prevalence of the disease, but
it does not depend only on the intrinsic behavior of the virus and the human im-
munological response; our results showed that both the age profile and the contact
patterns control how the epidemic evolves. An aged country could be expected to
be among the most vulnerable to COVID-19 due to its large old population, but
the results showed that when aged countries have very low contact rate between
individuals, then their age vulnerability may be compensated. Indeed, our results
showed that the epidemic in the aged developed and least developed countries had
the lowest RO values. It was shown that the intervention policies produced similar
relative decreases in the R0 values in all the countries, but the values after interven-
tion were lower where the “no intervention” R0 values were also lower, as in the
aged developed and least developed countries. For instance, the strictest interven-
tion reduced the basic reproduction number to a value lower or very near one in
the aged developed and least developed countries, but not in the developing and
developed countries. This suggests that some countries — such as the developing
and developed countries — may have to increase the intervention strength, or at
least search for alternative strategies.

Here we highlight that what effectively reduces the basic reproduction num-
ber is either the decrease of the susceptibility or the decrease in contacts. For in-
stance, individuals may be educated to learn how to reduce the probability of be-
ing infected, by means such as the use of masks, the practice of personal hygiene
protocols etc., or individuals may be oriented to decrease as much as possible the
frequency of close contacts with people outside their immediate family circle. Ad-
ditional public health policies, not considered in this model, such as mass testing
and contact tracing, could certainly help to mitigate the epidemic.

Of all intervention policies, the 50% reduction in work contacts was the one
which produced the highest decrease in the RO value, prevalence, maximum hos-
pitalization demand and fatality rate, with few exceptions. Only in the case of the
developed and aged developed countries, the elderly isolation produced a higher
reduction in the fatality rate than the work restrictions. The community distancing
was as important as the isolation of the elderly to reduce the computed quantities,
and its impact was usually higher, except in the case of the aged and developed
countries. The school closure was the intervention policy with the lowest relative
impact on the reduction of the computed quantities, except in one case, in the least
developed country, where school isolation had more impact in the prevalence reduc-
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tion than the elderly isolation. We may conclude that in general the work reduction
and the community isolation are effective interventions in all the modeled coun-
tries. The elderly isolation had greater impact than school closure in the reduction
of fatality rate in all countries, though the school closure was not negligible nor
detrimental only in the developing and least developed countries.

The developing country presented the highest fatality rate, which was 5.3 times
higher than the fatality rate in the least developed country. The aged developed
country also had a high fatality rate, which was only 6% lower than the developed
country value, so we concluded that the vulnerability due to its older population
was somewhat compensated by the lower contact rate between individuals. A re-
markable result was that all the intervention policies had a relatively small impact
in the fatality rate in the developing country, which we attributed to the high home
contact rates between the young and the elderly. This social characteristic is also
present in the least developed country, but high fatality rates were not observed
due to the small fraction of elderly individuals in this country.

A Relation between the model parameters and rate coefficients

The current model must predict a number of total deaths and hospitalization which is consistent
with the prescribed infection fatality rate and hospitalization rate per age group. For instance, the
numerical results must satisfy the conditions

Tr c = lim Cji(t) (16)
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From Eq. 17 we may readily derive the expression in Eq. 9 by assuming that the hospitalization
rate coefficient and the infected recovery rate coefficient are time independent.
The infection fatality rate (Eq.16 ) can also be written as

t
. Jo BeovH()dE
= lim 7 7 .
t=e0 [ Sy l(t)de+ [ yriI(H)dt

Trc (18)

We may use the approximation ¢ ~ H(t)/(I(t)+ H(t)) and express H(t) as a function of I(t). After
that simplification and assuming that all parameters are time independent, we may readily derive
Eq. 10. This expression is not exact, because the relation ¢ ~ H(t)/(I(t)+ H(t)) is an approximation.
We inspected numerically the results for our simulation, and we verified that the infection fatality
rate predicted by this method is accurate to within a typical error of 10%.

B RO calculation

The basic reproduction number RO is a key parameter in the description of any epidemic, so a
deeper analysis of a given mathematical epidemiological model must show how the RO value is
computed. The method of evaluation of R0 and its formula depends on the model. For instance,
an epidemic model based on graphs, such as the one introduced by Oliveira [42], has a particular
formula for RO. In the context of epidemic data analysis, there are specific methods to determine
RO or R(t) from time series, such as the recent inversion method proposed by Pijpers [43]. Here, we
are interested in showing the mathematical procedure we used to determine the RO value for the
present model. In this case, the next-generation method is the most appropriate tool to compute
RO [37,38].
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The F matrix is defined as F;j = 9]",'/8le, where F; is the rate of new infections in infectious
compartment i and where x; is any compartment with infected individuals. In our model, there are
four higher level infectious compartments, I, A, E and H, and each of them is further divided in 16
age groups, so actually there are 64 compartments. Therefore, F is a 64 x 64 matrix of the following

type
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where each matrix block is a 16 x 16 matrix. Note that only the blocks on the fourth column are
all zero, since this model neglects new infection by the hospitalized. The non-zero blocks may be
explicitly expressed as
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Let’s compute the V matrix, defined as Vj; = aV,-/ij, where V) is rate of transition of infected to
other infection compartments and x; is any compartment with infected individuals. The V matrix
has the following structure,

Vo000
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The non-zero matrix are all diagonal, and they can be explicitly written as
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Finally, we may compute the RO value as the spectral radius of the matrix FV~!. The matrix

FV~! and its eigenvalues can be expressed analytically, in terms of the model parameters. This
could be easily achieved, for instance, using any computational algebra interpreter. However, the
matrices are of considerable length, and the final expression is cumbersome, so it is much easier
to compute the spectral radius numerically instead of deriving a closed expression ro R0 and then
compute its value for any given set of parameters.
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