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Abstract 11 

Background 12 

Novel Coronavirus Disease (COVID-19), caused by Severe Acute Respiratory Syndrome 13 
Coronavirus 2 (SARS-CoV-2), threatens humanity in terms of health and economy as it spreads 14 
extremely fast and causes massive epidemics all over the world. In the absence of a vaccine, social 15 
isolation and hygienic measures are the only way to curb the virus.  16 
 17 
Methods 18 

In our study, the Hungarian spread of COVID-19 is modelled by applying a modified SEIR 19 
(Susceptible, Exposed, Infected, Recovered) compartment model, which takes into account the route 20 
of disease transmission not only from infected, but from latent individuals (exposed compartment) as 21 
well. The differences between the modified model and the traditional SEIR model has been 22 
evaluated. The different scenarios of disease spreading simulate the effect of the different level of 23 
interventions (social distancing and hygienic measures) taken place in Hungary. The modelling also 24 
considers the population and mobility data which are also essential in case of infectious disease 25 
spreading. For controlling the disease in the long-term a network-based analysis is provided based on 26 
the concept of the epidemic threshold and the identification of super-spreader population groups. 27 
 28 
Results 29 

According to sensitivity analysis of the modified SEIR model, disease transmission of latent 30 
individuals has the greatest effect on the number of infections. Based on the results, the applied 31 
interventions have a great impact on the disease spreading and are effective in controlling the 32 
COVID-19 epidemic., a network-based analysis is provided based on the concept of the epidemic 33 
threshold and the identification of super-spreader population groups. According to the results of the 34 
network-based study, the proportion of people to be sampled for an effective disease control is the 35 
function of the identified people with high number of contacts in social networks who act as super-36 
spreaders.  37 
 38 
Conclusion 39 

Applying network-based random, selective and targeted sampling, testing and isolation of affected 40 
individuals would yield significantly different sample sizes, highlighting the importance of super-41 
spreaders. Network analysis (but also all computational science methods) need large amount of good 42 
quality data and the spread of these methods could be supported by easy-to-use tools. We wanted to 43 
raise awareness also on this issue. 44 

Keywords: COVID-19, epidemiological modelling, control strategies, risk-based testing, super-45 
spreader identification, network analysis.  46 
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Background 47 

Genetic mutations of microorganisms are inevitable, however, due to climate crisis and other crucial 48 
drivers of change, emerging infectious diseases are more and more likely to threaten humanity in the 49 
near future. Nowadays, mankind is in a great crisis in terms of health and economy because of an 50 
epidemic caused by the mutation of an originally animal-related coronavirus (1)(2). By adapting to 51 
humans, the virus named Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) (3) 52 
caused pandemic infectious disease COVID-19 (4) that affects millions of lives. As of today, it has 53 
appeared almost all over the world, it spreads extremely fast and causes massive epidemics. 54 

COVID-19 is transmitted by inhalation or contact with infected droplets (5,6). It must be noted that 55 
the aerosol and surface stability of SARS-CoV-2 is higher than SARS-CoV-1, therefore indirect 56 
transmission routes are more significant than previously thought (7,8). 57 

In the absence of a vaccine, social isolation and hygienic measures are the only way to curb the virus. 58 
However, these interventions are proved to be effective only when applied very strictly because of 59 
the very high virulence of SARS-CoV-2 (9,10). The level of isolation needed (e.g. school closures, 60 
banned events and gatherings) is such high that it is unsustainable in the long run. 61 

Modelling is a key option in epidemiology in cases when limited data are available regarding an 62 
infectious disease like emerging diseases such as COVID-19. Scenario analysis is a tool by which 63 
information can be gained that can support decision making regarding mitigation strategies and risk 64 
management, nevertheless, it has its limitations which must be taken into account. As of today, 65 
several publications have already appeared which have attempted to simulate the spread of COVID-66 
19 from different aspects. Most of the earliest publications study the epidemic in China by applying 67 
the SEIR (Susceptible, Exposed, Infected, Recovered) compartment model with different 68 
modifications depending on the purpose of the modelling. Some publications try to estimate the 69 
extent of the epidemic regarding time period and number of total infections (11,12), while most of 70 
the studies model the effect of interventions such as isolation and quarantine (13–18). 71 

As time goes by, more and more information is available regarding the disease dynamics and disease 72 
characteristics of COVID-19, thereby epidemiological models and parameters of the models can 73 
more precisely be determined. One of the most important finding is that there are many latent people 74 
who develop no symptoms or only mild symptoms, and the disease is infectious in the latent phase as 75 
well. Therefore, many people carry and transmit the virus, thereby contribute to the spread of the 76 
disease in an unnoticeable way (19–23). Most of the earlier research did not account for this type of 77 
transmission because of the lack of knowledge, though it would be essential in understanding the 78 
disease dynamics (24). 79 

Conventional compartment models try to capture state transitions and simulate the course of disease 80 
in a uniform and homogenous population. However, the basic assumption that any person can contact 81 
anyone, and everyone has the same number of contacts, is not true in the real social networks. 82 

Many real networks share same characteristics and are surprisingly similar to each other. These 83 
networks are sparse, where many nodes with small number of contacts are connected with each other 84 
through few large hubs with many contacts. The number of contacts a node has is denoted by k, and 85 
is called the degree of the node. If the degree distribution of a network follows a power law, it is 86 
called a scale-free network (25). In scale-free networks, compared to random networks, nodes can 87 
have very different degrees, ranging from very small, to huge (which are called hubs). Thus, the 88 
average degree is not enough in itself to describe the network topology. Diseases can spread much 89 
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faster in such networks due to the presence of super-spreader hubs. These networks are also known 90 
for their specific robustness: they withstand untargeted attacks without falling apart, but they are 91 
vulnerable to attacks targeting the large hubs of the network. This phenomenon could also be used 92 
for planning targeted interventions. 93 

The aim of this study is to present an epidemiological modelling based on the SEIR compartment 94 
model that is generally accepted for modelling the spread of COVID-19, but with a modification in 95 
order to take the transmission route of the latent, yet infectious people into account. Network 96 
analysis-based intervention strategies are also discussed in the paper, since the profound implications 97 
of network theory are not widely known in the public health community.  98 

 99 

Materials and Methods 100 

Structure of the epidemiological model 101 

Modified SEIR model for COVID-19 102 

For COVID-19, we have built a SEIR (Susceptible, Exposed, Infected, Recovered) compartment 103 
model for a basis of the modelling but we have applied some modifications. In the original SEIR 104 
model, the Exposed compartment is not infectious. Our modified SEIR model accounts for the 105 
infectiousness of this compartment ‘E’, as it has been shown by previous studies (19–23), and also 106 
account for a route of transition of being recovered without symptoms or with mild symptoms from 107 
the Exposed compartment to the Recovered compartment. For better differentiation from the original, 108 
SEIR model with the applied modifications will be referred as ‘modified SEIR model’ (Figure 1.), 109 
and individuals in Exposed compartment are called ‘latent’.  110 

 111 

Figure 1 112 

Structure of the modified SEIR model with compartment initials (Susceptible, Exposed (Latent), 113 
Infected, Recovered), transitions from one compartment to another (full line), parameters and routes of 114 
infection (dashed line). Susceptible individuals can get the infection either from individuals being in the 115 
Infected compartment with the rate of β, or from Exposed compartment (latent individuals) with the rate 116 
of βL. 117 

 118 

The following differential equations describe the dynamics of the modified SEIR model (1): 119 
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𝑑𝑆

𝑑𝑡
= 	−𝛽

𝐿
𝑆𝐸 − 𝛽𝑆𝐼, 120 

𝑑𝐸

𝑑𝑡
= 	 𝛽

𝐿
𝑆𝐸 + 𝛽𝑆𝐼 − 𝛼𝐸 − 𝜇𝐸, 121 

𝑑𝐼

𝑑𝑡
= 	𝛼𝐸 − 𝛾𝐼 122 

!"

!#
= 	𝛾𝐼 + 𝜇𝐸      (1) 123 

where S, E, I and R are the fractions of Susceptible, Exposed, Infected and Recovered individuals, 124 
and S+E+I+R=1 at all times. 125 

Parameters of the model 126 

Selection of values for different model parameters has been done by literature research. There were 127 
many estimations in previous publications for the value of basic reproduction number, R0, ranging 128 
from 1.95 (1.4-2.5) (26) to 6.47 (95% CI 5.71–7.23) (27). Our model has been built to be consistent 129 
with the average range of reported R0 values. The mean value of the incubation period was 130 
consistently around 4 to 6 days in numerous publications (12,28–31), therefore we selected the 131 
number of latent days to be 5 (transition rate from Exposed compartment to Infected compartment). 132 
3.5 days of infectious period was chosen for the calculation of recovery rate, following the studies of 133 
Li et al. (19) and Tang et al. (27). The transition rate from Exposed compartment to Recovered 134 
compartment arises from the number of days latent individuals spend while carrying and transmitting 135 
the virus, which in our model is the sum of incubation period and infectious period, therefor 8.5 days.  136 

The parameter values in the baseline scenario (Scenario 1) with no interventions are shown in Table 137 
1. 138 

Table 1. Definitions and values of the modified SEIR model parameters 139 

*Approximate values considered to be in line with the average reported R0 values (32,33). These parameters will change 140 
in Scenarios 2 and 3. 141 

 142 

According to Wu et al. (18) and Nishiura et al. (21), latent individuals are able to transmit the 143 
infection 50% less than infected individuals. This is in line with other studies regarding 144 

 Definition 
Number of 

days 
Value 
(day-1) 

α	
Transition rate from Exposed compartment to Infected 

compartment 
5 0.2 

γ Recovery rate 3.5 0.29 

µ 
Transition rate from Exposed compartment to Recovered 

compartment 
8.5 0.12 

β Transmission rate  0.8* 

βL Latent transmission rate  0.4* 
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asymptomatic transmission rate of 50% in case of influenza (34,35). Therefore, the rate βL (beta 145 
latent) will be half of the β value.  146 

 147 
Limitations of the compartment model 148 

The formulation was made assuming that natural birth rate is equal to natural mortality rate, therefore 149 
the observed dynamics are considered to be caused by the disease. Individual differences, that could 150 
influence the susceptibility of people such as age, gender, general health condition cannot be taken 151 
into account, all individuals are considered equally susceptible for the disease.  152 

GLEAMviz software  153 

Simulations were performed with the publicly available GLEAMviz Simulation System (36), that is a 154 
scientific application designed for performing simulations of the spread of infectious diseases. With 155 
the real-world demographic and mobility data, location and time of potential virus transmission by 156 
human interactions can be simulated. Compartment model in the Simulation System is customizable, 157 
thereby can be adapted for various infectious diseases. The spread of the infection among individuals 158 
is driven by the characteristics of the disease specified in the compartment model (37–39).  159 

Setting options regarding compartment models in GLEAMviz 160 

Number of compartments and transitions from one compartment to another (infectious or 161 
spontaneous) can arbitrarily be defined. In case of each compartment, air travel and commuting can 162 
be allowed or disallowed and there are 3 ways for the settings of infectiousness for each 163 
compartment: 1. Carrier 2. Clinical 3. None. 164 

Other setting options in GLEAMviz 165 

Simulations can be done with single run or multiple runs, in latter case, the number of runs can be 166 
defined, and the results can be retrieved with median and confidence interval values calculated over 167 
the set of runs. Start date and duration of the simulation can be set. GLEAM uses robust statistical 168 
methods and executes the simulation in a sequence of time steps that represents full days. Average 169 
percentage of airline traffic can be set. For each simulated flight, the number of passengers is a 170 
stochastic variable sampled from a binomial distribution whose mean is given by the airline traffic 171 
value times the number of bookings. There is an option for enabling seasonality with a built-in 172 
algorithm that rescales the basic reproduction ratio R0 by a sinusoidal function. For commuting 173 
model, one can choose from gravity (40) or radiation (41) models. Users can set the average number 174 
of hours spent by the commuters at the commuting destination. The default value is 8 hours (the 175 
average amount of working time in a day). Minimum number of clinical cases that need to occur in a 176 
country for it to be considered infected and minimum number of infected countries for a global 177 
epidemic to be considered to occur can be set. Initial population composition for each compartment 178 
can be specified in percentages of the total global population. Initial epidemic locations (cities) and 179 
number of individuals in the given compartment can be defined for arbitrary number of initial 180 
epidemic seeds. 181 

The so-called ‘exceptions’ panel in GLEAMviz provides a way to specify time and space dependent 182 
changes of the variable values defined in the compartment model. Each exception lets the user define 183 
alternative values for one or more variables for a specified period and specified areas (e.g. cities, 184 
countries). 185 
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 186 

Basic scenarios for modelling disease spread in Hungary with interventions 187 

Scenario 1 – ‘worst case’ 188 

Worst case scenario with no specific interventions, model parameters determined in the above section 189 
’Parameters of the model’. It represents the conditions of the beginning of the epidemic in Hungary 190 
(04 March 2020) (COVID-19 pandemic in Hungary, 2020). It is assumed that only infected 191 
individuals with serious and founded COVID-19 symptoms are quarantined in Hungary. 192 

Regarding interventions, our assumption is that all interventions applied (social isolation and 193 
hygienic measures) overall decrease the rate of virus transmission, in our case β and βL values which 194 
is in line with the theory of Li et al. (19) and Ferguson et al. (15). Therefore, in case of scenarios with 195 
interventions (Scenarios 2, 3), only these parameter values are decreased proportionally depending on 196 
the extent of the effect of interventions. 197 

Scenario 2 – First round of interventions 198 

In Hungary, from 16 March 2020, schools and universities operate by distance-learning, nursery 199 
schools and other pre-school establishments only provide duty service, more and more employers 200 
provide the opportunity of home office for the workers and people are getting conscious about 201 
staying at home and reducing the physical contacts as much as possible. Events with large number of 202 
people were banned (the limit was 100 people for indoor and 500 for outdoor events, respectively). 203 
According to our assumption that is supported by the data of Google Analytics (42) and Hungarian 204 
traffic statistics (43), that means a 50% decrease in the level of social interactions compared to the 205 
normal lifestyle. This, together with the raised awareness of the disease and the importance of 206 
detection and quarantine of infected people, based on the approach of Ferguson et al. (15) results in 207 
the decrease of β and βL values to 0.4 and 0.2 (from 0.8 and 0.4), respectively.  208 

Scenario 3 – Second round of interventions 209 

From 28 March, the Hungarian government have ordered curfew restrictions across the country, in 210 
the first round until the 11th of April, and in the second round it was extended for an indefinite period. 211 
The goal of the restrictions was generally to limit the contact of people who do not live in the same 212 
household, therefore residences should only be left for the satisfaction of basic needs (e.g. work, 213 
grocery, pharmacy, health services) the previously specified restrictions regarding the institutions 214 
have remained unchanged. According to our assumption and the further mentioned references (42,43) 215 
that resulted in a further 25%, altogether 75% reduction in the level of social interactions compared 216 
to the normal lifestyle, which means a reduction in β and βL values to 0.3 and 0.1, respectively. 217 

Scenarios 1 to 3 attempt to model the real-life situation regarding disease spreading with the 218 
temporally applied intervention measures in Hungary. It is noted, however, that the list of 219 
interventions is not fully complete, only those are mentioned which are crucial regarding scenario 220 
building. 221 

Practical implementation in GLEAMviz (Settings) 222 

Unless not specifically indicated, settings are applied for each four Scenarios. 223 
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‘MODEL’ panel: Modified SEIR model (Figure 1.) with parameters defined in section ‘Parameters of 224 
the model’. Special GLEAMviz setting options for different compartments are shown in Table 2.  225 

Table 2. Special GLEAMviz setting options in different compartments 226 

 Susceptible  Exposed (Latent)  Infected  Recovered  
Infectiousness none carrier* clinical** none 
Commuting allowed allowed disallowed allowed 
Air travel allowed allowed disallowed allowed 

*: but transmitting the virus with the rate of βL 227 
**: transmitting the virus with the rate of β 228 
 229 

‘SETTINGS’ panel: 230 

§ Multi-run simulation (20 runs, the maximum possible number of runs) 231 
§ Start date: 4 March 2020 - the date of the first reported cases of SARS-CoV-2 infection (44) 232 
§ Airline traffic:  233 

• Scenario 1: 88% (12% decrease globally in the first half of March according to OAG 234 
statistics) (45) 235 

• Scenario 2: 52% (48% decrease globally in the second half of March) (45) 236 
• Scenario 3: 30% (66% decrease rounded up to 70% as data were available only until 20 237 

April 2020)(45)  238 
§ Commuting model: radiation model was chosen as it is proved to describe the commuting 239 

patterns better when parameter-free algorithms must be used (41,46). 240 
§ Time spent at commuting destination:  241 

• Scenario 1: 8 hours (default, assuming no change at commuting in Hungarian region) 242 
• Scenario 2: 4 hours (50% reduction in commuting according to Hungarian traffic 243 

statistic)(42,43) 244 
• Scenario 3: time spent at commuting destination: 2 hours (75% reduction in commuting 245 

according to Hungarian traffic statistic) (42,43) 246 
§ Seasonality: disabled – as it is believed that SARS-CoV-2 is not affected by weather parameters 247 

and there is no evidence to the contrary at the moment (47).  248 
§ Minimum number of clinical cases that need to occur in a country for it to be considered 249 

infected: 1 (default) 250 
§ Minimum number of infected countries for an occurrence to be an epidemic: 2 (default) 251 
§ Initial global distribution of a population in compartments: 100% susceptible 252 
§ Initial geographic location of the epidemic: Officially 2 infected people were registered on the 253 

4th of March 2020 in Hungary (48), Budapest, but in order to get more realistic simulations 254 
regarding the coverage of the region, initially 5 infected individuals were set for Budapest and 255 
3, 3 latent individuals for Debrecen and lake Balaton, based on population data, respectively. 256 
These were the only available locations in GLEAMviz software for Hungary.  257 
As there is a possibility for setting numerous initial locations of the epidemic, number of 258 
individuals with registered COVID-19 infections (number of active patients) were collected for 259 
the 4th of March, 2020. Only cities can be set in the software, and data about registered 260 
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infections were available in different levels of aggregation. Table 3. shows the initial locations 261 
with number of infected people used in the simulation (only >20) apart from Hungary. 262 
 263 

Table 3. Initial locations and number of infected individuals (apart from Hungary) set in GLEAMviz. 264 

Initial location 
No. of 

infected 

individuals 

Level of aggregation of 

the data 

Reference 

Country City  

(set in 

   

Austria Innsbruck 22 national (halved) (49) 

Vienna 21 national (halved) 

France 

Lille 65 regional (50) 

Lyon 49 regional 

Strasbourg 38 regional 

Paris 55 regional 

Germany 

Düsseldorf 115 federal state (51) 

Munich 48 federal state 

Stuttgart 50 federal state 

Italy 

Ancona 80 regional (52) 

Bologna 516 regional 

Florence 37 regional 

Milan 1497 regional 

Naples 31 regional 

Rome 27 regional 

Turin 82 regional 

Venice 345 regional 

Spain Barcelona 24 autonomous community (53)  

Madrid 90 autonomous community 

China Beijing 1267 national except Hubei (54) 

Wuhan 24085 Hubei province 

Iran Tehran 2259 national (54) 

Japan Tokyo 278 national (55) 

Singapore Singapore 33 national (56) 

South Korea Seoul 5547 national (57) 

 265 
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Settings of ‘EXCEPTIONS’ panel are shown in Table 4. 266 

Table 4. ‘EXCEPTIONS’ panel settings in GLEAMviz. 267 
No. of 

Scenario 
Exception(s) applied 

Scenario 1 No exceptions applied 

Scenario 2 β = 0.4; βL = 0.2; from 16 March 2020 till the end of the simulation; in the 

Hungarian region 

Scenario 3 β = 0.4; βL = 0.2; from 16 
March 2020 to 27 March 

2020; in the Hungarian 

region 

β = 0.3; βL = 0.1; from 28 March 2020 till the end of 

the simulation; in the Hungarian region 

 268 

Comparison of modified SEIR model with traditional SEIR model 269 

In order to evaluate the differences between modified SEIR model and the traditional (‘basic’) SEIR 270 
model, a simulation has been made in which parameters βL and µ were disregarded (transition rates 271 
that contribute to the infectiousness of exposed individuals). Other parameters and settings were the 272 
same as in Scenario 1 in the simulation. 273 

Sensitivity analysis of modified SEIR model 274 

The sensitivity analysis has been done to reveal the parameter(s) to which the model is the most 275 
sensitive. There were five parameters in our modified SEIR model to be investigated: β, βL, γ, 𝛼, μ. 276 
The parameters and settings of Scenario 1 was used for the evaluation. The maximum value of the 277 
daily number of individuals in the infected compartment and the number of days related to this value 278 
were selected as the endpoint. Only one parameter per scenario was changed at a time. Changes in 279 
both directions were evaluated with lower (´ ½) and higher (´ 2) values compared to the baseline 280 
value (Table 1.) of the examined parameter. 281 

Network analysis-based intervention strategies 282 

The basic assumption of the conventional compartment models is that any person can contact 283 
anyone, and everyone has the same number of contacts, is not true in the real contact networks. Real 284 
networks are sparse, where many nodes with small number of contacts are connected with each other 285 
through few large hubs with many contacts, which could also be identified as super-spreaders. 286 

The first applications of network science to disease modelling set a new scientific field called 287 
network epidemics (58). When modelling disease spreading, the network characteristics will yield 288 
many important differences compared to the conventional compartment models.  289 

First of all, the diseases spread much faster in scale free networks due to the presence of hubs. In 290 
network epidemics the concept of epidemic threshold (λc) is used: pathogens can only spread if the 291 
spreading rate λ exceeds λc. The spreading rate can be defined as: 292 

𝜆 = !∗

"
  (2) 293 
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where b * is the likelihood that the disease will be transmitted from one infected person to a 294 
susceptible one in a unit of time, and µ is the recovery rate. The conventional R0 can be defined as:  295 

𝑅# = 〈𝑘〉𝜆  (3) 296 

where 〈𝑘〉 is the average degree. In case of scale free networks, the epidemic threshold is: 297 

𝜆$ = %

〈$%〉

〈$〉
&%

  (4) 298 

where 〈𝑘'〉 is the second moment of the degree distribution, and it is used in the calculation of the 299 
variance (25). In scale free networks, 〈𝑘'〉 is significantly larger than 〈𝑘〉, due to the huge variance in 300 
degrees of the nodes. This means, that in large scale-free networks λc is very small, meaning that 301 
most of the diseases can spread very rapidly because of the presence of large hubs. This holds for 302 
every network (not only scale-free ones), where there is a large difference between the degrees of the 303 
nodes. This phenomenon was also captured by Meyers et al. (59), who applied the methods of 304 
contact network epidemiology for SARS, to illustrate that for a single value of R0, any two outbreaks, 305 
even in the same setting, may have very different epidemiological outcomes. 306 

Many social contact networks are also scale-free networks. We don’t have a map of the Hungarian 307 
contact network of people, but we can estimate λc with the use of other data. The Copenhagen 308 
Networks Study resulted in a multi-layer temporal network which connects a population of more than 309 
700 university students over a period of four weeks (60). We have used a 2-week (common agreed 310 
suggested quarantine period)(61) subset of the network of physical proximity among the participants 311 
(estimated via Bluetooth signal strength) to simulate direct personal contacts. We have used the 312 
settings defined by Stopczynski et al. (62): only contacts where the signal strength was  ≥ −75 dBm 313 
were used, corresponding to distances of approximately 1 meter or less. Based on these data, a 314 
network had been constructed and analysed with the use of KNIME free and open-source data 315 
analytics (63), reporting and integration platform and igraph R-package (64). 316 

Other important consequence of network topology is the difference in planning intervention 317 
strategies. If we try to remove nodes from the network either with immunization (which we can’t 318 
perform yet in case of COVID-19) or with identifying latent and infected people with sampling and 319 
testing, and then removing them with quarantine measures, we may have use other than conventional 320 
options as well. For assessing the effect of identifying and removing latent and infected people with 321 
sampling, testing and consequent quarantine measures, we use the concept of critical immunization 322 
well established in network epidemiology. Critical immunization gc is the proportion of nodes needed 323 
to be removed from the network to stop the spreading of the disease. 324 

Random sampling 325 

In case of random sampling, testing (and consequent removing of SARS-CoV-2 positive people from 326 
the contact network), the critical immunization gc can be defined as: 327 

𝑔$ = 1 − ('

(
  (5) 328 

Besides random sampling, there are other options as well, stemming from the characteristic of the 329 
scale free networks first described as the error tolerance of networks (65). If we remove the nodes 330 
from a network in a targeted manner, the spreading on the network could be quickly slowed down or 331 



 
12 

stopped. As it was demonstrated, the rapid spread of diseases is caused by the fact that there is a large 332 
variance in the degrees of the nodes in these networks (〈𝑘'〉 ≫ 〈𝑘〉), and this comes from the 333 
presence of hubs. If we want to decrease the variance (thus increasing λc), we have to block hubs 334 
from interacting. 335 

Selective sampling 336 

If we don’t know the exact mapping of the contact network, we could reach for the ‘friendship 337 
paradox’ (66) and the immunization strategy based on it proposed by Cohen et al. (67). The 338 
friendship paradox says that on average the neighbours of a node have higher degrees than the node 339 
itself. The average degree of a node’s neighbour doesn’t equal to 〈𝑘〉, but it is a different number, 340 
depending largely also on 〈𝑘'〉 (25). The origin of this phenomenon is that it is more likely for a 341 
random node to be connected to a hub than to a small degree node, because hubs have more 342 
connections than other nodes. Thus, immunizing (or isolating) the contacts of randomly selected 343 
individuals, we target the hubs without knowing exactly which individuals are the hubs. 344 

Targeted sampling 345 

If we knew the whole contact network, we could target the most prominent hubs. We don’t know the 346 
exact mapping of the Hungarian social network, but we can have the following assumptions: 347 

- The network is scale-free; 348 

- where the probability pk that a node has exactly k links is: 𝑝) = )()

*(,)
, where g is the degree 349 

exponent and x(g) is the Riemann-zeta function (using discrete formalism (25)); 350 

- and 2 < g < 3, as in most of real-life networks. 351 

With targeted sampling we try to remove all nodes whose degree is larger than kt. From an 352 
epidemiological viewpoint this is the same as removing the high degree nodes from the network with 353 
their links as well. With this intervention, the network will change, and λc will increase (25): 354 

𝜆$. = -,&'
/&,

𝑘0/&,𝑘123,&' − ,&'

/&,
𝑘04&',𝑘123',&5 + 𝑘0'&,𝑘123,&' − 1/

&%

  (6) 355 

Depending on the degree exponent, and setting kmin to 1, we could obtain target degrees (kt) with the 356 
new epidemic thresholds (λ’c). 357 

 358 

Results 359 

Results of epidemiological modelling 360 

Different scenarios were run in the publicly available version of GLEAMviz software with the 361 
settings described in ’Methods’ section. As the software only provides the number and cumulative 362 
number of new transitions of individuals per 1000 people regarding one compartment to another in a 363 
daily breakdown, an algorithm was developed in KNIME software (63) in order to automatically 364 
convert the GLEAMviz outputs into actual daily case numbers of different compartments.  365 
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Figures 2 and 3 show the comparison of distribution of Infected and Exposed (latent) individuals in 366 
different scenarios. 367 

Figure 2 368 

 369 
Distribution of Infected individuals in Scenarios 1 to 3 370 

 371 

Figure 3 372 

Distribution of Exposed (latent) individuals in Scenarios 1 to 3. 373 

 374 

The proportion of maximally affected latent and infected people (daily and overall) can be seen in 375 
Table 5. According to the modelling, about 1,000,000; 190,000 and 3,500 people will be infected on 376 
the day, when the epidemic reaches its peak in Scenarios 1, 2 and 3, respectively. Overall, about 377 
5,400,000; 3,300,000 and 110,000 people will get through the infection with moderate or serious 378 
symptoms in Scenarios 1, 2 and 3 and respectively. Note that in case of Scenario 3, the maximum 379 
number was not reached till the end of the simulation (365 days, which was the limitation of the 380 
software). 381 
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Table 5. Proportion of maximum number of daily and cumulated cases of infected and latent people 382 
in Hungary. 383 

  

 
Proportion in the 

population1 (median with 

LCL2 and UCL3) (%) 

No. of 

days4 

Scenario 1 

Maximum of daily cases 
Infected 11.42 (7.99-12.62) 52 

Latent 18.07 (12.51-20.29) 49 

Maximum of cumulated cases 
Infected 58.69 (58.65-58.72) 118 

Latent 93.89 (93.85-93.91) 122 

Scenario 2 

Maximum of daily cases 
Infected 2.08 (1.76-2.38) 105 

Latent 3.05 (2.57-3.05) 101 

Maximum of cumulated cases 
Infected 35.89 (35.82-35.94) 268 

Latent 57.36 (57.26-57.42) 279 

Scenario 3 

Maximum of daily cases 
Infected 0.04 (0.04-0.04) 72 

Latent 0.05 (0.05-0.06) 74 

Maximum of cumulated cases 
Infected 1.22 (1.12-1.31) 365* 

Latent 1.85 (1.69-2.00) 365* 
as 9,213,366 people 384 
2: Lower confidence limit originating from the 20 different simulations 385 
3: Upper confidence limit originating from the 20 different simulations 386 
4: Regarding median value 387 
*: Maximum number was not reached till the end of the simulation (365 days, which was the limitation of the software) 388 

 389 

Regarding exposed (latent) people, who will only have mild symptoms or no symptoms at all 390 
(according to our assumption), on the day of the peak of the epidemic, about 1,700,000; 280,000 and 391 
4,800 people will be affected in Scenarios 1, 2 and 3, respectively. Overall, about 8,700,000; 392 
5,300,000 and 170,000 people will get through the infection with mild symptoms or as asymptomatic 393 
cases in Scenarios 1, 2 and 3, respectively. The same limitation in case of Scenario 3 applies here as 394 
well regarding the maximum number of latent people. 395 

Note that the modelling is a robust estimate for actual case numbers, therefore only approximate 396 
values are indicated. 397 

 398 

Comparison of modified SEIR model with traditional SEIR model 399 

Basic SEIR model results in somewhat lower number of daily infections, daily latent cases, and 400 
cumulative latent cases (1.38%, 3.07%, and 1.74%, respectively) but overall, the cumulative number 401 
of infectious individuals are 33.47% higher compared to the modified SEIR model (Table 6). It can 402 
be seen that the peak of the curve is shifted in the basic SEIR model (from about 50 days after the 403 
start date of the simulation to the ~90th day) (Fig. 4.).   404 
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Figure 4 405 

 406 
Comparison of the distribution of Infected individuals in case of modified 407 
SEIR model and basic SEIR model in case of Scenario 1 408 

 409 

Table 6. Proportion of maximum number of daily and cumulated cases of infected and latent people 410 
in modified SEIR model compared with basic SEIR model Settings of Scenario 1 was applied. 411 

  Modified SEIR model Basic SEIR model 

 

 
Proportion in the 

population1 (median with 
LCL2 and UCL3) (%) 

No. of 

days4 

Proportion in the 
population1 (median 

with LCL2 and UCL3) 

(%) 

No. of 

days4 

Maximum no. of 

daily cases 

Infected 11.42 (7.99-12.62) 52 10.04 (8.01-10.89) 95 

Latent 18.07 (12.51-20.29) 49 15.00 (11.61-16.68) 91 

Maximum no. of 
cumulated cases 

Infected 58.69 (58.65-58.72) 118 92.16 (92.10-92.22) 214 

Latent 93.89 (93.85-93.91) 122 92.15 (92.10-92.20) 211 
1: Population of Hungary registered in GLEAMviz was 9,213,366 people 412 
2: Lower confidence limit originating from the 20 different simulations 413 
3: Upper confidence limit originating from the 20 different simulations 414 
4: Regarding median value 415 

 416 

Sensitivity analysis of modified SEIR model 417 

 418 

Most pronounced changes in both chosen endpoints can be seen in case of βL, increasing its value by 419 
2 times resulted in a ~66% increase in the number of maximum daily infections (Fig. 5A), and 420 
decreasing its value to the half of the original ended up in a 24 days sooner peak in the curve of the 421 
number of daily infections (Fig. 5B). However, other the importance of parameters such as µ and β 422 
are also indicated by the tornado-plot.  423 
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Figure 5 424 

Results of sensitivity analysis of the modified SEIR model: changes 425 
in daily maximum value of individuals in the infected compartment 426 
(A) and changes in the number of the days related to the former 427 
endpoint (B) 428 

 429 

Results of network analysis 430 

To address the problem caused by the inability of conventional compartment models to capture the 431 
non-homogenous nature of the population, network-based analyses were also performed, which 432 
yielded the following results. 433 

Based on the Copenhagen Networks Study (60) data, we found average degree 〈𝑘〉=46, the second 434 
moment of the degree 〈𝑘'〉=2847 and based on Equation (4) the epidemic threshold λc = 0.016. Basic 435 
parameters of modified SEIR model (Scenario 1) was set to be in line with the average R0 value of 436 
3.1 of Read et al. (32) and Tian et al. (33). Using Equation (3), the spreading rate of the virus was 437 
λ=0.067, which means that for stopping the epidemic, we need to change the network in such a way 438 
that λc will be increased above this value. 439 

Random sampling 440 

In case of random sampling, testing (and consequent removing of SARS-CoV-2 positive people from 441 
the contact network), based on equation (5) we have found the critical immunization to be gc=0.761. 442 
This means that 76.1% of the population shall be removed from the network. This implies very strict 443 
sampling and quarantine measures with testing a very large proportion of the population.  444 

Selective sampling 445 
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Using the ‘friendship paradox’, the procedure proposed by Cohen et al. (67), consists of three steps: 446 

1. Choosing randomly a fraction of nodes, this is layer 0. 447 
2. Selecting randomly a link for each node in layer 0. The nodes to which these links connect will 448 
form layer 1. 449 
3. Immunizing (in our case sampling and testing) the layer 1 individuals. 450 

This sampling strategy doesn’t require information on the structure of the network. According to 451 
Cohen et al. (67), gc is systematically under 0.3. It means that by selecting and removing a randomly 452 
chosen neighbour of 30% of the population, the spreading of the disease could be stopped. With 453 
selecting contacts referred simultaneously by more people, this strategy could be even enhanced. 454 

Targeted sampling 455 

With targeted sampling we try to remove all nodes whose degree is larger than kt. Based on equation 456 
(6), we could obtain target degrees (kt) with the new epidemic thresholds (λ’c) which are presented on 457 
Figure 6. The figure shows target degrees kt in the range of 234 (for g=2.3) to >1000 (for g=2.8), 458 
meaning that if we could sample (and then contain all positive cases) the super-spreaders with contact 459 
number above 234, the epidemic threshold would be high enough to stop the disease. 460 

Figure 6 461 

 462 
Epidemic thresholds (λ’c) of different degree exponents (g) and target 463 
degrees (kt) calculated to increase the epidemic threshold above the 464 
spreading rate of COVID-19 with targeted sampling. The spreading rate 465 
(λ) of the virus is set to 0.067 (red line). 466 

How does it translate to the Hungarian population? Idealizing a scale-free network, the number of 467 
people with contacts 𝑘 ≥ 𝑘0 can be calculated with (25): 468 

𝑁)6)* = 𝑁∑ )()

*(,)

7
)8)*

  (8) 469 

Setting g=2.3 and kt=234, this is in the magnitude of 0.04% of the population only. 470 

 471 

Discussion 472 

 473 
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Potentials and limitations of the modelling 474 

Scenarios have been designed to simulate the most likely spread of COVID-19 in Hungary with no 475 
interventions (Scenario 1) and the effect of actually applied interventions (Scenarios 2 and 3) in 476 
order to gain information on the effect of intervention measures on the disease spreading. According 477 
to the results, the applied interventions (social distancing and hygienic measures) have a great impact 478 
on the disease spreading and are effective in controlling the COVID-19 epidemic (Scenario 3). 479 

The main advantage of epidemiological modelling with GLEAMviz software is that besides the 480 
characteristic parameters of the infectious disease, other essential factors are taken into account when 481 
simulating the disease spreading, namely population density and mobility of the population. The 482 
irregular network structure, that affects the local spread of infectious disease between neighbouring 483 
subpopulations is captured in GLEAMviz datasets, so as the difference between high traffic and low 484 
traffic airports that has a significant impact of disease spreading around the globe.  485 

Simulations are evaluated for the Hungarian region, but with GLEAMviz, it is possible to set the 486 
initial number of infected individuals in different cities on the day when the simulation starts, thereby 487 
the impact of global presence of infected people is also taken into account. Note that registered 488 
number of infected people in different countries/cities carries bias as the protocol for registering 489 
COVID-19 positive cases and number of tests performed differ greatly from country to country. 490 
Nonetheless, these data and this option provide additional adjustable settings that contributes to more 491 
realistic simulations.  492 

Evaluation of modified SEIR model – sensitivity analysis  493 

All modelling has their limitations, and this applies particularly to modelling of emerging diseases 494 
such as COVID-19. As limited data are available regarding SARS-CoV-2 and the spread of COVID-495 
19, parameters of the compartment model can only be estimated. Our modified SEIR model has been 496 
made by using available data from scientific literature regarding the compartment model parameters 497 
and its novelty is that the route of infection transmission from the Exposed compartment (latent 498 
individuals) is built in. Compared to the traditionally applied SEIR model, in which latent individuals 499 
cannot transmit the infection to susceptible people, it results in an earlier and higher peak in the 500 
epidemic curve of infected individuals, which means a faster epidemic course with more infected 501 
people in shorter period of time, that poses greater burden to the healthcare system. However, total 502 
number of infections are lower altogether in the modified model compared to the basic SEIR model. 503 
According to this result, the experienced characteristics of COVID-19 epidemics, namely the so-504 
called ‘exponential growth’ of the disease spread can be explained by the disease transmission of 505 
latent people in case of SARS-CoV-2. Sensitivity analysis of the modified SEIR model also reveals 506 
the importance of the disease transmission by latent individuals. According to the results, disease 507 
transmission related to latent individuals has the greatest impact on the results of the simulation 508 
regarding the number of maximum daily infections and the time of the peak of the epidemic. 509 

Evaluation of network analysis results 510 

When taking into account the social contact network topology during intervention planning, we have 511 
to be aware of the specific challenges and also opportunities these network characteristics pose. Most 512 
of the counterintuitive network phenomena are caused by the presence of hubs, i.e. nodes with large 513 
amount of contacts, which could also be identified as super-spreaders. One of the results is that the 514 
diseases spread much faster on real networks than conventional compartment models would predict. 515 
This also means that the R0 identified as a benchmark value might be wrong: even if R0 < 1, there 516 
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might be still nodes in the network whose degree is higher than the average degree, maintaining and 517 
spreading the disease.  518 

The usual intervention strategies mentioned in this paper are still useful and effective, but they don’t 519 
target the super-spreader hubs. When planning sampling strategies, random sampling would imply 520 
very strict sampling and quarantine measures with testing a very large proportion of the population 521 
(>75%). When the ‘friendship paradox’ (i.e. on average the neighbours of a node have higher degree 522 
than the node itself) would be used for planning selective sampling, a significantly lower number of 523 
samples (~30%) would suffice. And if we could find the super-spreader hubs in a network during 524 
targeted sampling, <1% of the population would be enough to be sampled, tested and isolated. 525 

Of course, natural contact networks are not ideal scale-free networks, and we don’t know the exact 526 
super-spreaders either. Nevertheless, according to the recent analysis of the Hungarian Centre for 527 
Economic and Regional Studies Institute of Economics on occupations affected the most by the 528 
COVID-19 outbreak (69) 18% of the people are working in these occupational areas. These include 529 
healthcare and social workers, retail and restaurant workers, drivers, cleaning staff, pharmacists, 530 
veterinarians, public transport workers, postmen and waste removal staff. If the targeted sampling 531 
strategy would aim for these occupations, with strict quarantine measures of the positive cases, the 532 
spreading of the virus could be significantly slowed down. 533 

Conclusion 534 

Comparison with real COVID-19 epidemiological situation in Hungary 535 

The first wave of the disease spreading, according to the reported COVID-19 cases in Hungary, 536 
SARS-CoV-2 have not caused a great epidemic in Hungary Multiple reasons can explain this, some 537 
of them are listed hereunder. 538 

• By the time the epidemic reached Hungary, there were several frightening scenarios (massive 539 
amount of infections and deaths caused by COVID-19 in China, Italy etc.) that warned the 540 
public and raised the awareness for caution about COVID-19 and discipline regarding social 541 
distancing and hygiene. People have started to draw each other’s attention through social 542 
media and encouraged staying at home, therefore social distancing have started even earlier 543 
and have been applied stricter than the actual measurements of the Hungarian government 544 
required.  545 

• Because of conscious social distancing, super-spreading events have been prevented in the 546 
very early phase of the epidemic, which has a great impact on the fate of later number of 547 
infections (59). 548 

• Many studies investigate the association of Bacillus Calmette-Guérin (BCG) vaccination with 549 
reduced morbidity and mortality of COVID-19 (70,71). In Hungary, BCG vaccination is 550 
compulsory since 1954, therefore BCG vaccination coverage is very high. This can also 551 
contribute to the low number of COVID-19 infections in Hungary. 552 

Our modelling results show a good correlation with the results of the Hungarian CoronaVirus 553 
disease-19 Epidemiological Research(72). H-UNCOVER was a large-scale, cross-sectional, 554 
representative population screening of Hungarian male or female patients aged 14 and over who live 555 
in private households, aiming for sampling and investigating the rate of the infected patients, 556 
asymptomatic carrier and healed patients (48). According of the extrapolation of the results of 10,575 557 
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patients sampled between 1-16 May 2020, there were 2,421 active cases in Hungary and 56,439 558 
people were asymptomatic carriers and healed patients.  559 

According to the results of our modelling in Scenario 3, there were 3,527 active infected cases on day 560 
70 (12th May) and 38,692 cumulative recovered people by day 70 and 4,756 active latent cases on 561 
day 70, adding up to 43,448 asymptomatic carriers and healed patients. 562 

 563 

Proposal for disease control with agile, risk-based testing 564 

Our study proposes a long-term feasible risk-based approach for testing SARS-CoV-2 infections, that 565 
could gradually replace isolation interventions by the early detection of positive cases between the 566 
so-called ’super-spreaders’, thereby preventing mass infections and breaking infection chains with 567 
removing the seed of the infection in a timely manner. In cases when number of positive cases tend 568 
to increase nonetheless of the quarantine of affected people, social isolation measures can be re-569 
initiated in a timely manner and epidemic crisis can thereby be prevented.  570 

With the help of network analysis, people can be grouped into risk categories regarding SARS-CoV-571 
2 transmission. In this case, the key parameter for establishing risk categories is the number of 572 
physical interactions between people. A continuous testing is suggested but with the allocation of 573 
resources (test kits, testing personnel, financial resources) to the high-risk groups. People could be 574 
categorized by risk scores of physical interactions based on their occupation. Occupations like 575 
healthcare and social workers, retail and restaurant workers, drivers, cleaning staff, pharmacists, 576 
veterinarians, public transport workers, postmen and waste removal staff would fall into this high-577 
risk group. These people must be tested much more often as they play key role in SARS-CoV-2 578 
transmission. From this group, healthcare workers could be identified as key actors from network 579 
perspective, implying even stricter sampling and testing regime for them. When identified positive 580 
cases of super-spreaders would be isolated, this would have a large effect on the contact network 581 
itself, cutting off all the links of the large hubs, thus slowing down the spreading considerably.  582 

Our approach is generally applicable for the prevention and early detection of epidemics caused by 583 
other microorganisms as well, thereby protecting human health and preventing economic crises 584 
caused by emerging and re-emerging diseases. 585 

Proposal for data collection and data sharing 586 

Our study also points to the well-known fact that models are only as good as their input data. When 587 
modelling and planning intervention strategies, fit-for-purpose and timely data are essential. Using 588 
specific population like college student data can’t be used for precise modelling of the spreading of 589 
diseases in other societal groups. Unfortunately, there is a lack of social contact data with sufficient 590 
granularity, and advances on network science couldn’t be fully exploited in real-life situations. It is 591 
not to say that collecting and sharing contact network data for public health purposes would 592 
overwrite data protection and privacy aspects, but as Oliver et al. (73) pointed out, there are available 593 
data sources like mobile phone data, which could be extremely useful for such purposes. These 594 
datasets, if would be made available in a careful and transparent manner and taking into account data 595 
protections issues, could also be used for other important public health domains, like foodborne 596 
disease outbreak investigation. 597 
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In our paper we had two important objectives regarding network analysis approach to 598 
epidemiological modelling: 599 

- Showing the profound implications of network theory for epidemiological modelling and risk 600 
management, since the network epidemiological approach is not widely known in the public 601 
health community. Most of the analyses and also intervention strategies don’t take into 602 
account the inhomogeneity of the connections nor the network-based background of the 603 
spreading of the virus. Even when there is a general knowledge on the role of super-spreaders, 604 
the quantification of this role is not well known. 605 

- Network analysis (but also all computational science methods) need large amount of good 606 
quality data and the spread of these methods could be supported by easy-to-use tools. We 607 
wanted to raise awareness also on this issue.  608 

These two objectives are in close connection, since the lack of fit-for-purpose data and access to 609 
computational methods prevent the public health community from applying network-based approach 610 
in the decision-making process. However, the public health community should work towards solving 611 
data and tool related issues, for example with using proxy data in a short term (e.g. mobile phone 612 
data, tracing applications, etc.) or with planned exercises on network data collection in the long run. 613 
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1 Figure captions 850 

Figure 1.  851 

Structure of the modified SEIR model with compartment initials (Susceptible, Exposed (Latent), 852 
Infected, Recovered), transitions from one compartment to another (full line), parameters and routes 853 
of infection (dashed line). Susceptible individuals can get the infection either from individuals being 854 
in the Infected compartment with the rate of β, or from Exposed compartment (latent individuals) 855 
with the rate of βL. 856 

Figure 2.  857 

Distribution of Infected individuals in Scenarios 1 to 3. 858 

Figure 3.  859 

Distribution of Exposed (latent) individuals in Scenarios 1 to 3. 860 

Figure 4.  861 

Comparison of the distribution of Infected individuals in case of modified SEIR model and basic 862 
SEIR model in case of Scenario 1. 863 

Figure 5.  864 

Results of sensitivity analysis of the modified SEIR model: changes in daily maximum value of 865 
individuals in the infected compartment (A) and changes in the number of the days related to the 866 
former endpoint (B) 867 

Figure 6.  868 

Epidemic thresholds (λ’c) of different degree exponents (g) and target degrees (kt) calculated to 869 
increase the epidemic threshold above the spreading rate of COVID-19 with targeted sampling. The 870 
spreading rate (λ) of the virus is set to 0.067 (red line). 871 

 872 



Figures

Figure 1

Structure of the modi�ed SEIR model with compartment initials (Susceptible, Exposed (Latent), Infected,
Recovered), transitions from one compartment to another (full line), parameters and routes of infection
(dashed line). Susceptible individuals can get the infection either from individuals being in the Infected
compartment with the rate of β, or from Exposed compartment (latent individuals) with the rate of βL.

Figure 2



Distribution of Infected individuals in Scenarios 1 to 3

Figure 3

Distribution of Exposed (latent) individuals in Scenarios 1 to 3.



Figure 4

Comparison of the distribution of Infected individuals in case of modi�ed SEIR model and basic SEIR
model in case of Scenario 1



Figure 5

Results of sensitivity analysis of the modi�ed SEIR model: changes in daily maximum value of
individuals in the infected compartment (A) and changes in the number of the days related to the former
endpoint (B)



Figure 6

Epidemic thresholds (λ’c) of different degree exponents (γ) and target degrees (kt) calculated to increase
the epidemic threshold above the spreading rate of COVID-19 with targeted sampling. The spreading rate
(λ) of the virus is set to 0.067 (red line).


