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Abstract

:

A network model of epidemic spread accounting for inhomogeneous population district division is investigated. Motivated by the COVID-19 pandemic, we analyze the effects of infection development in the area, for example, of a city divided into several population districts. The districts are characterized by a certain intensity of contact inside and with inter-district communication that can be generally controlled by the authorities. Specifically, we consider the effect of the central district, which is the hub of infection. We investigate how the interaction strength influences the city’s level of epidemic development. We obtained that the final infected amount in the district rises with an increasing degree of connection with the hub. However, the model situation was not limited by the first outbreak but included the subsequent waves of infection. We obtained that the appearance and disappearance of subsequent waves of infection essentially depended on the intensity of communication with the infected hub. Our results suggest the mechanism where stricter communication policy can negatively affect the subsequent infection waves.
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1. Introduction


The COVID-19 pandemic has caused over 500 million confirmed cases and over 6 million deaths globally up to April 2022. At present, different variations of the coronavirus still circulate in many countries, and the global number of COVID-19 cases is still quite high. Obviously, the development of vaccines and special drugs for COVID-19 therapy represents the main instrument in the fight against the pandemic. However, predictions of the infection spread in different conditions also have great significance, specifically for authorities to coordinate the medical care system and economics in epidemic conditions. Countries and cities in the World are quite different in their geographical conditions, technical development, infrastructure, people mobility and services. However, in most of the World’s big cities, there is well-developed infrastructure, transport and territorial division with industrial, market, dormitory and other areas. It makes the conditions of epidemic development strongly inhomogeneous between certain districts. It may not be so critical, for example, for seasonal flu, which is relatively fast and not so deadly. However, the situation is different for COVID-19, which has a much longer infection period and may survive without people carriers for a long time [1,2]. It means that developed city infrastructure and transport communication may play a significant role in infection dynamics. In terms of epidemic prediction, the classical SIR approach [3]. considering homogeneous populations cannot be directly applied to the current pandemic.



During more than two years of the pandemic, many mathematical models describing qualitatively and quantitatively COVID-19 development have been proposed [4,5,6,7,8]. Models demonstrate their satisfactory performance, especially for limited areas [9], although there are other points of view [10]. It should be noted that the modified SIR models require more complex data for development, and due to the presence of little information and lack of reliable data regarding this newly emerged disease, the simple SIR model has been the choice of many investigators [11]. These over-simplified models ignore the factors that have a great effect on the course of the disease and cannot reproduce such effects as secondary and subsequent waves. The other issue affecting the spread of the virus is the behavioral changes considerably related to the social and cultural context of the population [10,12,13]. Rocha et al. [14] simulated disease spread using SI and SIR models on an empirical temporal network of sexual contacts. To simulate models in an empirical network of sexually transmitted infections, the authors mapped the sampled network onto a time-ordered list. Their results indicate that the network was not dense enough to support sexually transmitted infection outbreaks. Another similar approach was used in the work [15]. The authors defined a multitype, stochastic SIR dynamical epidemic model on a strongly connected graph. The stochastic SIR model for the spread of an epidemic within and between nodes showed a standard finite-time convergence result for a branching process. One of the most unique techniques was shown in the work [16]. The model contains a mix of discrete and continuous times with interaction described as a Bernoulli process of a finite number of binary random variables. Lazerbnik et al. [17] presented another type of hybrid model that is based on a SIRD model for two age classes using eight populations and a spatial model where these populations are distributed in space and time between places. Among the most recent research, a spatio-temporal modeling framework was used in the work [18]. In their model for each population class, the authors estimated the intensity of the spatial-temporal point process that originated from each observed point pattern of infected individuals by incorporating the estimates of the total number of infectious derived from the SIR model into the mean component of the point process. The question of quarantine’s influence on the flow of infection still requires further research [19,20,21,22]. One of the possible approaches was described in the work [23]. In that work, an intervention policy that relies on the strategic deployment of inspection units was shown.



In this study, we address the effects of the inhomogeneous structure of a modern city population on epidemic development. We assumed that a given territory is divided into several districts. Inside those districts, the population is homogeneous and described by a SIR-like model. Interaction between the districts is described by a contact matrix that defines the communication level between certain districts. As a result, we proposed a network-based SIR model capable of incorporating such factors as boundaries crossing limitations to assess how communication between the hub and other districts can affect the infection spread. The novelty of the proposed model involves combining a network approach and accounting for infection without a host.




2. Materials and Methods


Schematically, we divide a territory into a set of interacting districts (in Figure 1).



We consider the following network system describing k interacting districts:


        1 .    S ˙  i  = − β  ∑ j   p j   S i  + δ  R i  − d  H i   S i  +  μ i  ,  ( i , j = 1 … k )  ;          2 .    I ˙  i  = β  ∑ j   p j   S i  + d  H i   S i  −  ( γ + ε )   I i  ;          3 .    R ˙  i  = γ  I i  − δ  R i  ;          4 .    H ˙  i  = α  I i  − b  H i  .     



(1)




here    S i   ( t )    is the number of susceptible individuals of the i-th region,   I ( t )   is the infected,   R ( t )   is recovered and   H ( t )   is the non-human carriers (viruses). The independent variable is time t, measured in days. The coefficient  α  denotes the number of carriers (viruses) emitted by an infected individual,  β  is the probability of infection in the case of contact between a susceptible and an infected subject,  γ  is the probability of recovery (usually, it is interpreted as the rate of recovery, since the average duration of the subject is in the state of infection is   1 / γ   days),  δ  is the probability of losing immunity and the appearance of the re-infection possibility,  ε  is the probability of death,   μ i   is the immigration of the population for the i-th region and   p j   is the interaction coefficient between the j-th and i-th districts given from the communication matrix (P). The relative degree of openness of the borders, which is relevant for modeling quarantine events [24], b denotes the coefficient of natural loss of carriers and d is the degree of contagiousness of the carrier (virulence). It should be noted that in the case of   p = 0   (complete closure of boundaries), the system degenerates in the case of infecting one subject in the absence of the remaining infection [25]. In general, model Equation (1) includes four equations. The first describes the dynamics of the exposed, the second describes the dynamics of the infected, the third describes the dynamics of the recovered and the fourth describes the dynamics of the virus population. Compared to the classical SIR model, the first term of Equations (1)1 and (1)2 includes the dependence on the degree of interaction within the network   β  ∑ j   p j  S  . The second term of Equation (1)2   δ R   describes the transition of the cured to the exposed population.   d  H i   S i    term in Equation (1)2 represents the dynamics of infecting people without contact with another infected person.   γ I   of Equation (1)3 represents the dynamics of recovery. The   α I   term shows the production of viruses by the infected, and the term   b H   represents the natural death of the virus.



If we consider the behavior of the model for a separate area (  j = 1   and    ∑ j   p j  = 1  ), then the matrices of infection and the transition could be calculated as follows:


  F =     β   b     0   0      



(2)






   V  − 1   =       1  γ + ϵ + μ      0       1  γ + ϵ        1 b        



(3)







The spectral radius of the matrix can be considered as an assessment of the main reproductive number:


   R 0  = F  V  − 1   =   β + b   γ + ϵ + μ   .  



(4)







Strictly speaking, there will be a separate reproductive number for each district. However, given the specifics of the model and the possibility of dividing a single entity into separate districts, the average number can be represented as follows:


   R 0  =   β  1  k 2    ∑  i , j = 1  k   p  i , j   + b   γ + ϵ + μ   .  



(5)








3. Results


To study the basic effects of the spread of infection in the case of various interactions between districts, we used a simplified model with zero levels of immigration and mortality. To check the main effects of the net with several interacting districts, the communication matrix was set to be symmetrical as follows:


  P =     1   p   p     p   1   p     p   p   1      



(6)




where the initial appearance of infected individuals in the first district was implied, the spread of infection in the districts interacting with the first one was identical. This matrix reflects a homogeneous but densely populated area, including three districts. Three closely spaced homogeneous settlements can be considered to be of this type. Since the interaction within a district is conditionally considered active, the values on the main diagonal are set to 1. The interaction between districts is considered equal and given p due to less active interaction between districts, both due to natural causes and possible restrictions.



The dynamics of Equation (1) were identical for districts 2 and 3. The number of infected individuals demonstrated a big first wave in the time period from 20 to 30 days, with a recovery period from 30 to 40 days and a second lower wave from 30 to 50. Initially, infected district 1 demonstrated the maximal value of infected in the first wave, while the second and third districts were only slightly lower due to the high interaction within each district.



We observed significant reductions in both the maximum and the end values in the case of even partial closure of boundaries. At the same time, the apex of the maximum also falls on later values, and at boundaries that are more open, the occurrence of secondary and subsequent infection waves begins. The difference between the infection waves in the first district and bound districts   Δ I  ( p , t )  =  I 1   ( p , t )  −  I 2   ( p , t )    was especially noticeable in the first infection wave when the degree of openness of the boundaries between the districts is lower than 0.4. A lower degree causes a bigger delay between the maximums of the infected reached by the first wave.



To check the effect of the presence of the central district (a hub), as well as the observed difference between the second and third districts, the communication matrix was taken in the following form:


  P =     1   p   p     p    0.5     0.05      p    0.05     0.1       



(7)







The assumptions underlying the construction of this matrix include the homogeneity of districts, as well as the varying degrees of interaction within districts. The second and third districts were located on the outskirts and had weak interaction between themselves. Most of the population is assumed to be interested in spending time in the hub rather than an outskirt. The first district was treated as a hub, and its level of exposure to other districts can vary. Another reason for the significant difference in the main diagonal numbers of Equation (7) is the desire to demonstrate the difference in dynamics for objects with medium and weak interactions. Typical curves for a strong bond (  p = 1.1  ) are shown in Figure 2. The number of infected demonstrated a big first wave in the time period from 30 to 40 days, a recovery period from 40 to 60 days and a second lower wave from 180 to 220. For comparison, the figure also shows a graph for the time series of an unaltered SIR model that does not demonstrate any secondary or consequent waves. The numerical simulation showed that despite the fact that the probability of internal infection in the third area is five times lower than in the second, the final number of infected differs only by 10%. The graphs of the total infected over time for the degree of opening of the borders for the districts were similar to the dynamics with the case of symmetric links, despite the difference in the probability of infection inside the districts and were primarily determined by the degree of relationship with a hub, which can be seen for the first wave, but the flow and final values of the infected dependent from the internal probabilities of infection with small communication values a hub. The final amount of infected in the district increases with a degree of connection with a hub. The peak of the wave (maximal number) of infected individuals for secondary and subsequent waves 3 and 4 are shown in Figure 3. The graphs demonstrate growth for the communication values with the hub within the limits from   p > 0   to   p < 2  . However, for the (  p > 2  ) maximal value of infected individuals, the second wave even decreases while peaks of subsequent waves barely change. For the relatively big values of   p > 8  , the maximal values converge to a constant.



The final number of infected demonstrates a slow upward slope on the dependence of the final number of infected in districts (red—1, green—2, blue—3) on the degree of openness of the boundaries between the hub and other districts, as shown in Figure 4. The numerical simulation showed that despite differences in infection probability, the final number of infected is quite similar. For the very low values of p (  p < 0.02  ), differences between the hub and rural districts are sufficient (more than 10 times) as the graphs demonstrate upward growth. However, for the values   p > 0.5  , the final number of infected in the hub area is only twice as large for for the and districts and keeps diminishing with the degree of openness of the boundaries between the hub and other districts. With a sufficiently large degree of openness, the whole city could be seen as one homogenous entity.



As a demonstration of the practical application of the work, the situation on Shikoku Island was examined. Shikoku is the smallest of the four main islands of Japan and has a population of about 2.8 million people. This territory was chosen to reduce the possible effect of migration, as well as due to its territorial and administrative division into regions. Tokushima, Kagawa, Ehime and Kochi prefectures are located on the island. The infection rates for these regions were taken from public datasets [26,27] for the last three months (22 October–30 December 2022). Through empirical fitting of model parameters, it was possible to qualitatively reproduce the dynamics of the number of infected using the communication matrix in Equation (8).


  P =      0.1     0.2     0.1     0.05       0.2     0.4     0.05     0.1       0.1     0.05     0.5     0.15       0.05     0.1     0.15     0.15       



(8)







For comparison by region, the   I ( t )   data are shown in Figure 5. Although the applicability of the model for the practical situation is demonstrated in a similar way, the model system, in this case, was applied without taking into account the current information on internal and external migration, as well as specific limiting measures expressed in quantitative terms due to the lack of open information. Obtaining a more accurate real prediction in each specific situation requires a separate study, which is beyond the scope of the current work.




4. Discussion


The resulting dynamics were primarily determined by the degree of relationship with the hub. It can be explained by the existence of undetected infectious people and the effect of the control measures [28]. This can be seen for the first wave, but the flow and final values of infected depended on the internal probabilities of infection with small communication values with the hub. The final amount of infected in the district rises with an increasing degree of connection with the hub. However, this dependence was close to a logarithmic form [29]. Despite the difference in the likelihood of infection within the districts, infection curves are primarily determined by the degree of relationship with the hub, which can be seen for the first wave, but the flow and final values of infected depended on the internal probabilities of infection with a small interaction level with the hub. The occurrence and disappearance of subsequent waves [30] of infection on the degree of relationship with a hub were non-linear, and with a large extent relationship, the number of waves even decrease, and their amplitude was committed to a constant value, as shown. The main cause of the process of maximal infection wave values can be homogenous infection spread caused by the influence of the central hub. It should be noted that the occurrence of the first infection wave in the time period from 20 to 30 days matches well with the real data [31]. The expectation of the subsequent waves in the half-year period was also reported for some countries [32,33]. From the beginning of the COVID-19 flash, both the proposed capacities and the demand for trips have fallen sharply. The situation worsened along with the spread of the virus. After the announcement of a global pandemic, air travel was reduced against the background of long large-scale lockdowns and restrictions on trips introduced in most countries of the World. Analysis of the economic consequences of the International Civil Aviation Organization shows that in April 2020, when almost all countries introduced a complete or partial Lockdown, air movement dropped sharply to zero with an unprecedented reduction of more than 60% [34]. Some works do not find detectable effects of shelter-in-place orders during the first wave of the COVID-19 pandemic on disease spread or deaths, but only measurable effects on mobility that dissipate over time [35,36].



To date, it seems clear that an important factor influencing the success of the fight against COVID-19 has been the adequate response of people to both government regulations to prevent the spread of the disease and personal attitudes toward the pandemic. Belief in the effectiveness of government measures and a sense of personal risk (including fear of infection and death) contribute to adherence to rules for prevention and the prevention of further spread of infection. Within the framework of the modern understanding of the situation (regional and country aspects of behavior, perception and evaluation of the situation by region, age, professional and ethno-cultural communities), the role of the nation-state and socio-cultural influences impacted society during the pandemic.



In work [37], the authors estimated the extent to which the relaxation of social distancing affected epidemic control and specific effective reproduction number. They found that the relaxation of statewide social distancing measures was associated with a reversal of the downward trend in the transmission of SARS-CoV-2 that had been achieved after these measures were implemented. In all but 9 states, the reversal returned the estimated reproduction number above 1.0 within 8 weeks of the initial relaxation of social distancing measures, leading to increased transmission, an increased number of cases and an increased number of deaths. These patterns were apparent irrespective of the specific kinds of social distancing measures that were rescinded and also irrespective of key indicators of epidemic severity that have been heretofore used by many jurisdictions to guide relaxation decisions. These results can be explained with the help of our model, showing how it can negatively affect the subsequent infection wave values since affected regions include some amount of infection hubs.



Shiva and co-authors [38] used COVID-19 deaths from 169 countries to estimate the effect of the lockdown on the number of deaths 1–8 weeks later. The study finds that stricter lockdowns reduce deaths 4 weeks later but is insignificant 8 weeks later and have the greatest effect in high-income countries. Our results also highlight the importance of using ‘smart’ or ‘targeted’ lockdown policies on the grounds that country-specific conditions call for designing particular policies that work better given underlying circumstances.




5. Conclusions


Thus, we developed a non-linear network-based SIR epidemic model describing the spread of coronavirus in a territory composed of communicating districts. In the example of a hub district that we can describe, for example, a market district with a higher rate of infection spread, we demonstrated that the emergence and subsequent waves of infection disappearance on the degree of relationship with the hub were non-linear. It was also illustrated that for a higher degree of communication with the hub, the number of waves decreased. Finally, our model qualitatively predicts the possibility of control of time dynamics of infected cases by playing with the communication level between interacting districts. In fact, the government should have taken stronger and harsher measures to increase isolation during the first wave. Meanwhile, the quarantine can be lifted after the first two waves, as the values of the maximum number of infected in the second and subsequent waves will decrease; thus, it is limitedly helpful to control the spread of the epidemic disease. Practical application can be convenient for cases when it is possible to draw conditional boundaries between regions and divide the region into smaller areas. By changing the parameters of the connectivity matrices, it is possible to simulate the situation with the level of restrictions both between and within districts. This will allow a more balanced approach to making decisions about restriction measures.
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Figure 1. Schematic representation of a territory with interacting districts. 
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Figure 2. The time series of infected (a), susceptible (b) and recovered (c). The phase portrait for three districts (d), obtained for the values of the system parameters with the communication matrix (7):   n = 50 , 000  ,   β = 1.9  ,   γ = 1.5  ,   δ = 0.05  ,   b = 0.01  ,   d =  10  − 7    ; the violet line represents time series unaltered SIR model with the same parameters. 
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Figure 3. The dependence of the maximum number of infected in the second and subsequent waves in districts (red—1, green—2, blue—3) on the degree of openness of the boundaries between the hub and other districts (p). 
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Figure 4. The dependence of the final number of infected in districts (red—1, green—2, blue—3) on the degree of openness of the boundaries between the hub and other districts (p). 
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Figure 5. The dynamics of the infection cases in the prefectures and districts (Tokushima—1, Kagawa—2, Ehime—3, Kochi—4) for the Kaggle dataset and model data with the parameters n =   2.8 ·  10 6   ,   β = 8.5  ,   γ = 3.5  ,   δ = 1.5  ,   b = 0.01  ,   d =  10  − 7    . 
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