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Has been demonstrated that the interaction of individuals in a social network can be modeled using the complex networks theory. In this
sense, we believe that knowing at least approximately the underlying network of interaction among the individuals in a society could help to
understand the dynamic of diseases transmission among the individuals and elucidate the most effective mechanisms to contain the spres
and minimize negative effects like the over-saturation of health systems, such as hospitals and medical clinics. In this work, we study the
spread of COVID-19 in Mexico from 2020 to 2024 using the statistical data available in the public health departments of Mexico. Through
stochastic simulations we found a complex network that could represent a simplification of the real underlying network of interaction among
the Mexican population, in particular we found that the network has degree distribution following a pow(Aaw- £~ with exponent

close toy ~ 2.5. As mentioned before it could help to understand the spread of future diseases through stochastic simulations using a
network structure closer to reality and consequently implement best healthy policies.
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1. Introduction of interaction among individuals in a society would help to
understand the dynamic of virus transmission and elucidate
The COVID-19 pandemic led to the publication of numerousthe most effective mechanisms to contain the spread of future
works recently [1-6]. Mainly focusing on the study of classi- diseases and minimize negative effects like the over satura-
cal epidemiological models like the well known Susceptible-tion of health systems. In this sense, we find it interesting
Infected-Removed(SIR) model over networks with differentto use the available statistical data of the last Covid-19 pan-
topological characteristics with the aim of study the influ-demic in the public health departments oékico with the
ence of the network structure on the diseases spread amoagn of finding a representation of the underlying network of
individuals in a population. Particularly, focused in ran- interaction among the Mexican population.
dom networks built with the classical Eis-Renyi (ER) [7,8] Because the social distancing and quarantine policies was
and Barahsi-Albert BA) [9] growth models. Assuming used to contain the virus spread in the last Covid-19 pan-
that these models reproduce the interactions among the imlemic, in this work, we investigate the behavior of BIQR
dividuals in real populations. However, in real documentedepidemic model including statistical data of the Mexican pop-
networks [10-15] the interaction among its components exulation, like the age distribution and Covid-19 infected indi-
hibit distinct properties than the generated by those modviduals by age distribution. Through statistical simulations
els. For example, the degree distribution follows a powerwe found that the best approximation to the fraction of in-
law P(k) ~ k=7 with exponenty starting from one, indicat- fected individuals classified by age in the period from 2020
ing the existence of individuals with more interactions thanto 2024 is obtained simulating the Covid-19 spread in a com-
others. Moreover, as stated by Hnet.al. [15] social net-  plex network with degree distribution following a power law
works like Facebook exhibit dense property and power-lawin the formP (k) ~ k=2, Itis animportant result because as
exponenty close to one. In this sense, a network growthmentioned before it could help to understand the spread of fu-
model able to build networks witly tunable froml to oo ture diseases, leading to find the best healthy policies through
was proposed by Esquivel-Baas recently [16]. It is im- stochastic simulations or mathematical modeling considering
portant to mention that in recent works addressing Covidhetwork structures closer to reality.
19 transmission behaviors in several countries have been in- This paper is organized as follows. In Sec. 2, statistical
vestigated following different approaches [17, 18] and anadata retrieved from the public health department @xido
lyzing the effectiveness of non-pharmaceutical interventiongre presented. Features of the network model are outlined in
like border restrictions and strict stay-at-home orders withSec. 3. Details and results of ti&#QRepidemic model on
the aim to contain the Covid-19 spread [19, 20]. Howevercomplex networks with different values of are presented
in the major not take into account the effect of the networkin Sec. 4. Approximations of the propos&iQRmodel to
structure. We believe that knowing the underlying networkstatistical data of Covid-19 in Mexican population from 2020
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FIGURE 1. In figure are shown a) the age distribution in Mexican people and b) Covid-19 confirmed cases by age distribuéaitin M
from 2020-2024.

to 2024 are outlined in Sec. 5. Finally, the discussion andially the network comprises, fully connected nodes and
conclusion are given in Secs. 6 and 7, respectively. new nodesnney With 1 links are added subsequently. The
value of i is determined considering two cases: with prob-

. . L ability p, p = m links, wherem < mg and with comple-
2. Covid-19 data in México mentary probabilityl — p, © = v wherev is the degree of
As mentioned before, in order to attempt to elucidate qai\nLan:jomly ﬁelected npdehln the network. Tk? cfolr;negu Its
probably representation of the underlying interaction net- S to another nodes in the networke, use the following
work among the population in Bkico, we use the statistical atachment rulell(k;) = (ki +a)/(3_; (k; + a)) wherek;
data available in several Mexican organisms like the Insti—ando‘ re_present the degr_ee and initial attractwenesg of one
tuto Nacional de Estastica y Geogrda (INEGI) [21] from noden; in th? network, witha > 0. Thus,l‘{(ki) descnpes
which we obtained the age distribution of Mexico, depictedthe probab|.l|ty thatnnew_cs hnects tan;. This model build
in Fig. 1a). As shown, the majority of the people is young_networks.thP(k:) ~ k77 wherey can .be tuned f'ronl. to
Also, we use the Covid-19 confirmed cases by age distribu=°® changing the values g o andm asitis showed in Fig. 2.
tion of México from 2020-2024 available in the public health
erartme_nt of Mxico [22]. As_ shown in Fig. ;b), the major- 4. SIQRmodel on power law networks
ity of confirmed cases of Covid-19 occurred in people around
tv_veqty and _forty years .Old' This IS expectepl because the S®Bne of the most effective control action to contain the spread
cial mte_ractmn of |nd|V|duals_ ranging on _th's age usually is of infectious diseases is the quarantine policy, that consists in
very act|ye, becausglof a variety of activities, I'ke. work, StUd'isolating several infected nodes to reduce the emergence of
ies or leisure. Additionally, the amount of confirmed Cases, .y infected nodes. In this section, we implementShaR
from, 2(.)20 to 2024 wag, 633, 355. and the total_populanon model (see Fig. 3) and analyze its behavior in scale-free net-
n Mexico was about26, 014,024 in 2020. Thatis, the frac- works with different degree distributions. In the model, it is
tion of confirmed cases was abok ~ 0.060. assumed that the network size is fixed, that is, consisié in
nodes and the births and deaths are not taken into account.
Also, we consider that the probability for a node becoming
infected depends directly on its degreeAdditionally, since
In this work we study the effect of the network topology on the network connectivity is heterogeneous, the presence of
the spread of diseases among the individuals in a network. Inodes with different degrees have to be considered. As such,
particular, focusing on networks with degree distribution fol- it is convenient to assume that the population is organized
lowing a power lawP (k) ~ k=7 with different values. In  into classes. In particular, we will consider that within each
this sense, we implement the network growth model proposediass, all nodes have the same degregith & € [m : kmax],
by Esquivel and Barajas [16]. The model considers that iniwherek,, . is the highest node degree value for the entire

3. Network model
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FIGURE 2. Degree distributions of networks built with the model proposed by Esquivel and Barajas [16]. Defining, n = 10* nodes
and different values fop and« as follows: a)p = 0.3,a =0,b)p =0.7,a =0,¢c)p =1, = 0 and d)p = 1, a = 1. With that values,
degree distributions with power law exponents- 1.4, v ~ 2.3, v ~ 3 and~ ~ 4 are obtained respectively.

network. Also, within each class, the nodes can be in only

one of the four different compartments according to its health SikP(R)T() 1
condition and degree&yy, (t), I;(t), Qx(t), and Ry (t), which o(t) = =k R —XkkP(k)I:(t), (2)
represent the densities of susceptible, infected, quarantined ZssP(s) (k)

and recovered nodes with degreeat timet, respectively.  whereP(k) is the degree distribution an) is the average
Furthermore, the density of susceptible, infected, quarangegree within the network and denotes the normalization fac-
tined and recovered nodes in the entire network is definegy " This formulation of the dynamical equations for hetero-
asS(t) = LpSk(t)P(k), I(t) = Zxlk(t)P(k), Q(1) =  geneous networks was introduced by Y. Moreno, R. Pastor-
EpQr(t)P(k) and R(t) = XpRy(t)P(k). Under the as-  gatorras, A. Vespignani [23].

sumptions despribed abovg, the mean-figld reac_tion rate dy- | order to investigate the behaviour of the propoS&gR
namical equations for clagsin SIQRmodel is described bel- - model in networks with different degree distributions, in par-

low. ticular, degree distributions following a power-law with dif-
dSp(t)  BKS, (DOt ferent exponent valug. We perform stochastic simulations
dt PRSk(1)0(2), on networks built with the model outlined in Sec. 3. The pro-
I (¢) cedure similar to that proposed by Yutaka Okabe and Akira
T =PRSKB0() — oIk (t) = nlk (1), Shudo [1], is as follows:
dQ(t) —oTi(t) — eQu(t) 1. Generate the network and compute the average degree
a0k S (k). After the network is built, the spread of the disease
dRy(t) will be simulated fromt = 0 to ¢t = 100 time steps.
7 =eQk(t) + nlk(t), 1) o
2. At t = 0, I individuals (nodes) are chosen randomly
where the fractiord(¢) of links pointing to infected nodes is to be infected.

given by
3. A susceptible individual will be infected with a prob-

ability g if one of its & connecting individuals is in-
fected.

4. An infected individual will be recovered ih/7n days
on average without having been quarantined. Another
case, is that an infected individual could be quarantined
the degree: of nodes is considered in the chance to get infected.
Additionally, 3, o ande represent the infection, quarantine and re- 5. A quarantined individual will be recovered e days.
covery in quarantine rates respectively. Also, is considered the case
in which an infected individual recovers without have been quaran- 6. At each time steg, the processe8, 4 and5 are re-
tined, denoted by. peated.
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FIGURE 4. a), b), ¢), d), Degree distributions of the networks used for the stochastic simulations. a’), b’), c¢’), d’) Average degree value
respect to the size of the network. a"), b”), ¢"), d”) Quantities/, @ and R derived from the stochastic simulations with BE)Rmodel.

e The stepd — 5 produce a single sample. Simulations e The time At represents the amount of days in which
are performed one thousand times and averaged to get  the disease have been present in the population. As
the final results. shown, At increase as the value ofincreases. This

can be a convenient behavior because it prevents over

For all simulations, networks witlV = 10* were consid- saturation of health systems.
.ered,'defmmgn. = 2 and different valueg fop. The rate of The behaviors described above are expected because as
infection was fixed to3 = 0.3, quarantine rate = 0.2,

. the value ofy decrease, the networks become to be more
recovery rate after quarantlne = 02 an_d recovery rate densely connected and the amount of nodes with a higher
without quarantine fixed t@.’ — 0.1. _In Fig. 4 are shown number of connections, frequently called Hub-nodes in-
the results of the stochastic smylapon;. Figures 4a), 4b)creases and these nodes act as superspreaders nodes, causing
4c) and ,4d),Sh°W the degreg d'St,”bUt'mk) of t_he net- the rapid spread of the disease in the network. However, the
works built with the mode] outlined in Sec. 3. AS _|IIus_trated_, uarantine implementation helps to contain the spread of the
generated networks have power-law degree distributions W'tﬂisease reducing the time in which the disease is present in
v ~ 1.4, 2.3, 3 and4. In addition, the average degree the population.
grows significantly as the value ofdecreases bello® [see
Figs. 4a"), 4b’), 4c’), 4d")], that is, the networks become
to be more densely connected as reported by Esquivel arfd.  Approximating the density of Covid In-

Barajas [16]. As shown in Figs. 4a"), 4b”), 4c”), 4d"), the fected individuals in México from 2020 to
topology of the network in which th8IQRmodel was simu- 2024

lated, in this case for differentvalues, have a high influence
on the dynamic of, I, Q and R quantities. In particular, the As showed in the Sec. 4, the topology of a network, or in
following two cases: other words, the interaction of individuals in a population

plays a significant role in the spread of diseases. In this sense,
e As the value ofy decreases, the amount of infected if the underlying interaction network of the individuals in a

individuals and the maximum value of infected indi- population is known, it would be possible to determine how
viduals (I,,ax) also increase. quickly or slowly a virus spreads on the network and study

Rev. Mex. Fis72021701
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FIGURE 5. a) Degree distribution of the network. b) Average degree value respect to the network size. ¢) Cumulative distribution function
of 5. d) QuantitiesS, I, @ and R. The depicted values are obtained averaging the results from one thousand stochastic simulations of the

SIQRmodel.

the effect of different containment policies to prevent the ovefFig. 1b)] using theéSIQRmodel, we perform stochastic sim-
saturation of health systems and reduce the number of deathdations on networks with different degree distribution. The
In order to attempt to elucidate a probably representatioprocedure similar to the outlined in Sec. 4.

of the underlying interaction network among the population

in Mexico, we use the statistical data presented in Sec. 2. 1. Generate the network using the model outlined in

That is, the age distribution in Mexican population (depicted
in Fig. 1a) and the Covid-19 confirmed cases by age distribu-
tion of México from 2020-2024 [Fig. 1b)]. From the Covid-
19 pandemic, Y. Alimohamadit.al. [24] found that the re-
productive numbeR, ~ 3.32, also it is known that

RO = %7
n

where vy andn represent the infection and recovery rates.
Raveendraret.al. [25], found that infected individuals with
SARS-CoV-2 virus commonly develop symptoms 4-5 days
after exposure. Then, we consider that infected individuals
could be quarantined among the first 5 days, o = 1/5.

Additionally, recovery from mild SARS-CoV-2 infection
commonly occurs within 7-10 days after the onset of symp-
toms in mild disease and in severe/critical illness could take

3-6 weeks. We consider only the mild disease cases, that is,

ten days for recovery after quarantine= 1/10. Addition-
ally, with these data, we can consider that 1/15 that is,
the recovery period without intervention was approximated
to 15 days in mild infection cases. Then, we can approximate
the value ofyy ~ 0.2213. However, for theSIQR model
studied in this work it is necessary to consider that [k
in order to take into account the heterogeneity of the under-
lying interaction network.

In order to attempt to reproduce the Covid-19 con-
firmed cases by age distribution oféMico from 2020-2024

3.

Sec. 3 comprisingy = 10* nodes and considering that
the age of each node in the network is based on the age
distribution shown in Fig. 1a). Additionally, at the end
of the growth(k) is computed. After that, the spread
of the disease will be simulated frotn= 0 to ¢ = 100

time steps.

. Att =0, I = 1individual (node) is chosen randomly

to be infected.

A susceptible individual with degrdewill be infected
with a probabilitys = «/ (k) if one of itsk connecting
individuals is infected.

4. Aninfected individual will be recovered in fifteen days

on average without have been quarantined. Another
case, is that an infected individual could be quarantined
around five days due to a positive test of infection.

5. A quarantined individual will be recovered in ten days

6.

7.

on average.

At each time step, the processes, 4 and5 are re-
peated.

The stepd — 5 produce a single sample. Simulations
are performed two thousand times and averaged to get
the final results.

Rev. Mex. Fis72021701
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FIGURE 6. a) Age distribution in Mexican population and b) Age infected distribution in Mexican population from 2020 to 2024. In both,
the comparison of real data and the obtained from stochastic simulations is showed.

The best approximation to the Covid-19 confirmed caseslensely connected and they have more hub-nodes which play
by age distribution of Mxico from 2020-2024 [Fig. 1b)] us- the super spreader role, because of tlijs,, emerges in
ing the SIQRmodel, was obtained using a complex networkfewer days and the total amount of infected individuals is
with degree distributio(k) ~ k=25, As shown in Fig. 5a) concentrated in fewer days also. Additionally, we attempt
that topology was obtained using the network growth modeto reproduce the Covid-19 confirmed cases by age distribu-
outlined in Sec. 3 withm = 2, p = 0.81 anda = 0. tion of México from 2020-2024, finding the best results with
In Fig. 5¢) is shown the Cumulative Distribution Function a complex network with degree distributidh(k) ~ k=25,
(CDF) of g retrieved fromy = G(k) with ¢» = 0.2213 and  Although the results of the stochastic simulations not fit ex-
(k) =~ 5 got from the simulations [see Fig. 5b)]. Fig. 5d) de- actly to the real data, it seems to be a good approximation,
picts the values of, I, @, and R achieved from th&SIQR  since the total amount of infected individuals and the age dis-
stochastic simulation. As shown, the fraction of infected in-tribution among the individuals in the network are very simi-
dividuals wag).0548 close to the calculated for &ico from lar. It is important to mention that this model not implement
2020 to 2024 [t mentioned in Sec. 2). Additionally, Fig. 6 complicated processes in the growth of the network and in
shows the comparison of the Age distribution [Fig. 6a)] andthe spread of the disease among the individuals because the
the Age infected distribution [Fig. 6b)] from the Mexican goal is to offer a simple model to attempt elucidate a prob-
population and the retrieved from the stochastic simulationsably representation of the underlying interaction network of
As it can be seen, the Age infected distribution retrieved fronthe Mexican population.
the simulations¥ symbol) not fit exactly to the reab(Sym-
bol). However, seems to be a good approximation and th
fraction of total infected individuals is very close. Indicating
that, the underlying network of interaction among the Mex-
ican people could behave as a complex network with degr
distribution close taP (k) ~ k=25,

E‘7. Conclusion

eWith the aim to find a probably representation of the under-
E/ing interaction network of the Mexican population, in this
paper we have investigated through stochastic simulations the
effect that different network topology have on the dynamic of
6. Discussion the epidemiologicaBIQRmodel focusing in networks with
scale-free property. We found that the best approximation is
In this work, we investigate the dynamic of disease spread oachieved using a complex network with degree distribution
networks using th&IQRmodel. Particularly, in networks ex- P(k) ~ k=25, It is an important result because using that
hibiting scale-free property in which the degree distributionnetwork topology it would be possible study the spread be-
follows a power-lawP (k) ~ k~7. We found that, the amount havior in future diseases and investigate the effect of different
of infected individuals increase steeply fpwvalues close to  containment policies and its rigor in implementation, achiev-
one. This is expected since this type of networks are moréng that the amount of infected individuals grow slowly pre-
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venting the overcrowding of health systems. Or even to avoicAcknowledgment
future pandemics.

Funding

The authors thanks CONAHCYT, the National Research

This work was supported in part by CONACYT, the National
Research Council of Ekico under postdoctoral Grant No.
3657820.

10.

11.

12.

13.

14.

Council of México for financial support under postdoctoral
Grant No. 3657820.

. Y. Okabe and A. Shudo, “Microscopic Numerical Simulations 15
of Epidemic Models on NetworksMathematic® (2021) 932.

. L. Sun, Q. He, Y. Teng, Q. Zhao, X. Yan and X. Wang, “A 16.

complex network-based vaccination strategy for infectious dis-
eases”Applied Soft Computin$36 (2023) 932.

. 1. Szapudi, “Heterogeneity in SIR epidemics modeling: super-
spreaders and herd immunityXppl Netw Scb (2020) 93.

. H. A. Herrmann and J. M. Schwartz, “Why COVID-19 models
should incorporate the network of social interactionBhys.
Biol. 17 (2020) 75.

. M. Rafig, A. R. Nizami, D. Baleanu and N. Ahmad, “Numerical !
simulations on scale-free and random networks for the spread
of COVID-19 in Pakistan”Alexandria Engineering Journ&?2
(2023) 75.

. J. Li, H. Yan and Z. Jin, “SIR dynamics with infection age in
complex heterogeneous network€gmmunications in Nonlin-
ear Science and Numerical Simulatid@1 (2023) 107183.

19.

17.

. G. Timar, S.N. Dorogovtsev and J.F.F. Mendes, Scale-free net-
works with exponent ond2hys. Rev. E94 (2016) 022302.

J. Esquivel-Gmez and J.G. Barajas-Raez, Emergence of
dense scale-free networks and simplicial complexes by random
degree-copying,Journal of Complex Networkd1 (2023) 6.
https://doi.org/10.1093/comnet/cnad045

R. Forien, G. Pang and. Pardoux, Estimating the state of the
COVID-19 epidemic in France using a model with memory.
R. Soc. Open S@.(2021) https://doi.org/10.1098/

1s0s.20232/(

8. B. Buonomo and R. Della Marca, Effects of information-

induced behavioural changes during the COVID-19 lockdowns:
the case of ItalyR. Soc. Open Sct. (2020) 201635https:
/ldx.dol.org/10.1098/rs0s.201635

R. N. Binny et al, Early intervention is the key to success
in COVID-19 control, R. Soc. Open ScB (2021) 210488.
https://doi.org/10.1098/rs0s.210488

20. W. Yang, J. Shaff and J. Shaman, Effectiveness of non-

. P. Erdds and A. Renyi, “On random graphs 1'Rublicationes
Mathematicae Debrecef(1959) 290.

. P. Erdbs and A. Rnyi, “On the evolution of random graphs”,
Publication of the Mathematical Institute of the Hungarian
Academy of Scienc&41960) 17.

. A.L. Baralasi and R. Albert, “Emergence of Scaling in Ran-
dom Networks”.Science286(1999) 509.

J. Kunegis, KONECT-The Koblenz Network Collectidproc.
Int. Conf. on World Wide Web Companjq@013) 1343.

R. Albert and A. L. Barahsi, Topology of evolving networks:
local events and universaliti?hys. Rev. Let85 (2000) 5234.

H. Jeong, B. Tombor, R. Albert, Z.N. Oltvai and A.L. Baée,
The large-scale organization of metabolic netwoNa&ture407
(2000) 651.

D. Garlaschelli and M.I. Loffredo, Structure and evolution of
the world trade networkPhysica A: Statistical Mechanics and
its Applications355(2005) 138.

R. Albert and A.L. Barahsi, Statistical mechanics of complex
networks,Rev. Mod. Phys74 (2002) 47.

21.

22.

23.

24.

25.

pharmaceutical interventions to contain COVID-19: a case
study of the 2020 spring pandemic wave in New York Ciy,

R. Soc. Interfacd8 (2021) 2020082 https://doi.org/
10.1098/rsif.2020.0822

Instituto Nacional de Estéastica y Geogrdh. Principales resul-
tados del Censo de Pobléaniy Vivienda 2020 Estados Unidos
Mexicanoshttps://www.inegi.org.mx

Gobierno de Mxico, CONAHCYT-CentroGeo-Geolnt.
https://datos.covid-19.conacyt.mx

Y. Moreno, R. Pastor-Satorras and A. Vespignani, Epidemic
outbreaks in complex heterogeneous netwoltks, Phys. J. B
26(2002) 521.

Y. Alimohamadi, M. Taghdir and M. Sepandi, Estimate of the
Basic Reproduction Number for COVID-19: A Systematic Re-
view and Meta-analysisl Prev Med Public Health53 (2020)
151 |https://doi.org/10.3961/jpmph.20.076

A. V. Raveendran, R. Jayadevan, S. Sashidharan, Long COVID:
An overview, Diabetes & Metabolic Syndrome: Clinical Re-
search & Reviewsl5 (2021) 869https://doi.org/10.
1016/].dsx.2021.04.007

Rev. Mex. Fis72021701


https://doi.org/10.1093/comnet/cnad045�
https://doi.org/10.1098/rsos.202327�
https://doi.org/10.1098/rsos.202327�
https://dx.doi.org/10.1098/rsos.201635�
https://dx.doi.org/10.1098/rsos.201635�
https://doi.org/10.1098/rsif.2020.0822�
https://doi.org/10.1098/rsif.2020.0822�
https://www.inegi.org.mx�
https://datos.covid-19.conacyt.mx�
https://doi.org/10.3961/jpmph.20.076�
https://doi.org/10.1016/j.dsx.2021.04.007�
https://doi.org/10.1016/j.dsx.2021.04.007�

