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Abstract 13 

SARS-CoV-2 has spread worldwide and has caused corona-related pandemics since the end of 2019. 14 

To deal with these unknown phenomena, it is effective to discuss and apply the results obtained 15 

through simulations to policy-making to control epidemics. Several network-based simulations have 16 

been developed in previous studies. Among these, understanding the relationship between humans and 17 

the spread of infection is of interest. In our study, we propose the SEIR model on a scale-free network 18 

(SFN), focusing on two different relationships: “intended and unintended contacts”. In our model, the 19 

former relation is represented as contact with adjacent nodes in a network, and the latter relation is 20 

represented as contact with any node in a network. We represent the number of people human meet 21 

per activity (η), and the rate of “intended contact” among the people who meet (β). As a result, we 22 

reveal that the activity of people in society with larger η or smaller β has a greater impact on the spread 23 

of infection. We also discuss which behaviors spread the infection based on our simulation and 24 

behavioral data from the questionnaire survey. Our insights are helpful in formulating behavioral 25 

guidelines or deregulation policies for pandemics.  26 

Key words 27 

Simulation, Scale-free networks, COVID-19, pandemic, infection, behavior  28 

Introduction 29 

SARS-CoV-2 (Severe acute respiratory syndrome coronavirus 2), which causes COVID-19 30 

(Corona virus disease 2019), was confirmed in Wuhan, China, at the end of 2019 and caused a 31 

global pandemic. The World Health Organization (WHO) declared a pandemic in March, and 32 

guidelines for infection control were issued (World Health Organization 2022). Countries have 33 

responded by implementing policies, such as lockdowns, to control the epidemic. For example, 34 

on April 7, 2020, the Japanese government issued a state of emergency for seven prefectures and 35 

asked the public to refrain from contact as much as possible. Since then, the government has 36 

issued a state of emergency and semi-emergency coronavirus measures several times and 37 

restricted human contact through policies such as  requesting restaurants to close at 8 pm. To make 38 

such policy decisions, it is necessary to have scientific evidence to determine which policies are 39 

more effective in controlling the spread of infection. Thus, simulations have been widely 40 

employed to predict the spread of infection and to discuss ways to reduce it (Danon et al. 2011, 41 

Kopec et al. 2010). Many simulations aim to predict accurate values of infection. However, our 42 

aim is to find appropriate behaviors to reduce infection and understand how the results change 43 

when we vary the parameters such as the number of people for single contact.  44 

In most epidemiological models, a population is assigned to several compartments. For example, 45 

https://link.springer.com/article/10.1186/1471-2458-10-710#auth-Jacek_A-Kopec
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the SEIR model (Michael and James 1995) considers four compartments: susceptible, exposed, 46 

infected, and recovered. In these models, the fraction of each compartment is often calculated 47 

using differential equations, assuming a fully mixed population (William and McKendrick 1927; 48 

Allen et al. 2008; Annas et al. 2020; Cooper et al. 2020; Karako et al. 2020). There are also 49 

compartment models that use networks representing human contact (Di Domenico et al. 2020). 50 

These network-based models have been employed in many studies to reveal the relationship 51 

between the spread of infections. 52 

 These simulation models have been used in many studies to reveal the effectiveness of policies 53 

in terms of reducing viral infections. For example, the effect of isolation policies, such as 54 

lockdown or school closure, has been examined using compartment models that include network-55 

based models (Di Domenico et al. 2020; Abdollahi te al. 2020; Karaivanov 2020; Alagoz et al. 56 

2021; Bendtsen 2020; Maheshwari and Albert 2020). Domenico evaluated the effect of a 57 

lockdown policy from multiple configurations (Di Domenico et al. 2020). Alagoz et al. shows the 58 

importance of timing of and adherence to social distancing policy (Alagoz 2021). Maheshwari 59 

implemented lockdown for different periods and implemented a gradual decrease in mitigation 60 

using network simulations. These studies mainly focused on how many contacts should be 61 

reduced by political control or during periods of mitigation.  62 

However, we also have to consider which relationships we maintain to prevent the spread of 63 

infection  to consider how people spend in the Covid-19 pandemic. To consider this, there are also 64 

studies that distinguish edges for types of relations and vary the parameters that arrange the rate 65 

of assigning relations or arrange the infection rate in certain types of relations and observe the 66 

effect on the infection spread (Ohsawa 2020; Chu 2009; Gross 2020; Mizrahi 2020). In particular, 67 

Xiangwei et al. varied two parameters, 𝛼 (the rate of infection spread in the community) and 𝛽 68 

(which corresponds to the infection rate of inter communities), in a community network 69 

simulation (Chu 2009), and found that 𝛽 has a greater impact on the spread of infection. Moreover, 70 

Ohsawa and Tsubokura proposed a restricted SFN, where 𝑚 edges connected from the node itself 71 

are regarded as intended contacts and edges connected from other nodes are regarded as 72 

unintended contacts (Ohsawa 2020). They also restrict the number of edges that one node has up 73 

to variable 𝑊. Then, they revealed that increasing 𝑚 is not always attributed to infection spread, 74 

but higher 𝑊 always increases the number of infected nodes. This means that the “unintended 75 

contacts,” which bridge inter-communities, cause higher outbreaks. From this result, they 76 

proposed the theory of “Stay with your community, ” which argues that people should avoid as 77 

many inter-community contacts as possible to prevent larger out breaks.  78 

In these studies, each type of relationship was considered for a fixed network. However, in the 79 

real world, the unintended contacts vary from moment to moment, and we have to consider the 80 

random relation that is out of the network relation and that dynamically changes. Therefore, we 81 

https://royalsocietypublishing.org/doi/10.1098/rspa.1927.0118
https://royalsocietypublishing.org/doi/10.1098/rspa.1927.0118
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propose a novel network-based SEIR model focusing on two types of relationships: “intended and 82 

“unintended contacts.” For example, “intended contacts” refer to contacts that are planned 83 

beforehand, including daily contacts in offices or schools. On the other hand, “unintended 84 

contacts” refer to contacts that occur accidently with unknown people, such as contacts in a city 85 

or a train, and contacts with people who happen to be sitting next in a restaurant. In our model, 86 

“intended contacts” represented as contacts with adjacent nodes in the network, and “unintended 87 

contact” represented as contact with any nodes in the network. Here, we definite two parameters 88 𝜂 and 𝛽, where 𝜂 represents the number of people human meet per one activity, and 𝛽 is the rate 89 

of “intend contact” among the people you meet.  90 

The main contributions of our study are following. 91 

 We revealed the effects of 𝜂 and 𝛽 on the spread of the infection. Intuitively, we compared 92 

the effect of intended and unintended contact on the spread of infection. 93 

 We calculated 𝜂 and 𝛽 by places people visited from the questionnaire data and evaluated 94 

the attribution of each place to the spread of infection by simulation.  95 

 96 

Method 97 

Simulation implementation 98 

We implemented the SEIR models on a scale-free network (SFN) (Barabási et al. 1999). We 99 

constructed an SFN with 1000 nodes. Each node corresponds to one person, and the population 100 

is 1000. Each edge represents a relationship in which two nodes may make contact with a promise 101 

in advance. We do not assume a certain city or community because our aim is not to accurately 102 

predict the number of infections, but rather to reveal the effect of parameters on the spread of 103 

infection. We constructed an SFN with parameter 𝑚, which is the number of edges that one node 104 

connects when it is added to the network. In our model, the nodes have four states: susceptible 105 

(S), infected (I), exposed (E), and recovered (R). When a person performs an action, a node 106 

chooses other nodes to contact in the action and can infect others. Each action is based on the 107 

Poisson process. We assume the timescale to be days, and the details of the simulation procedure 108 

are as follows. The exponential distribution of parameter 𝜆  is denoted as exp(𝜆)  and 𝑙0  is the 109 

initial number of infected cells. Fig.1 shows the change in the state of one node with the time step. 110 

1. Chose 𝑙0 initial infected (I) nodes. Others are set to S. 111 

2. Infected nodes take actions based on the Poisson distribution. 𝑋𝑖 in Fig.1 is the time after a 112 

node takes the (𝑖 − 1)-th action before a node takes 𝑖-th action. (if 𝑖 = 1, 𝑋𝑖 is the time after 113 

a node is infected before a node takes 𝑖 -th  action) 𝑋𝑖  is a random variable following the 114 

exponential distribution exp(1/𝑟)  where 𝑟  is the average time of 𝑋𝑖 . The value 𝑇  in Fig.1 115 
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represents the time spent on a single action. Infected nodes recover from infection in D days 116 

after they become infected, regardless of whether they are taking action. 117 

3. When a node takes action, it chooses the other nodes with which to make contact. It chose 118 𝜂  nodes who it meets and 𝛽𝜂  of them are “intended contacts” and (1 − 𝛽)𝜂  of them are 119 

“unintended contacts” ( 0 < 𝛽 < 1 ). 𝛽𝜂  nodes of “intended contacts” are chosen from 120 

neighbor nodes and (1 − 𝛽)𝜂 nodes of “unintended contacts” are chosen from any node at 121 

random (Fig.2). If the number of nodes that meet becomes is not an integer, we round up or 122 

down the values at random according to the value after the decimal point (we round up the 123 

value at the rate of value after the decimal point).  124 

4. After nodes that meet are selected, the infected nodes spread the infection. Susceptible nodes 125 

in contacts may be infected at rate �́� in equation (1), where �́� is the number of infection nodes 126 

in the action. 127 �́� = 1 − (1 − α)�́� (1) 128 

The time for the infected node to infect each susceptible node 𝑣, represented as 𝑌𝑣, is then 129 

calculated using �́�. 𝑌𝑣 is a random variable that follows exp(�́�). If 𝑌𝑣 is shorter than 𝑇, which 130 

is the time spent on the action, node 𝑣 becomes exposed. 131 

5. The value 𝐹 in Fig.1 represents the time before the node onset of symptoms after they catch 132 

the virus. The exposed nodes become infected in 𝐹 days after the day they catch the virus. 133 

6. Simulation is implemented until there have been any infected nodes.  134 

We call this simulation as random-planned simulation. 135 

 136 

Fig. 1 The procedure of the infection. In Fig.1, time flows left to right. 𝑭 is the time before 137 

nodes onset symptoms after they catch virus. 𝑿𝒊 is the time after a node become infected 138 

before a node take 𝒊-th action. 𝑻 represents the time spent on by single action. 𝑫 is the time 139 

from nodes get infected state to recover from infection.  140 
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 141 

 142 

 143 

Fig. 2 The nodes meet in an action 144 

 145 

 146 

 147 

Simulation integrating behavioral data 148 

We also implement a simulation in which 𝛽 and 𝜂 are determined according to behavioral data 149 

(Hayashi and Ohsawa 2022). Behavioral data were aggregated using a questionary from 2020 150 

December 3rd to 7th. The questionnaire implemented to 1288 subjects, aged 20 to 70 years, and 151 

male and female subjects in Kanagawa prefecture or Tokyo in Japan. Subjects chose one day and 152 

answer the questions, “what action they take for each time cell, which is 2 hours”, “the number 153 

of people a subject meets (within 1.8 m and 5 minutes or more) in each action” and “the number 154 

of people who planned to meet in each action.” They chose actions from the behavior list, and 155 

these IDs are listed in Table 1. In the behavioral data, there are “others” in the behavior list, but 156 

we did not use it in our simulation. 157 
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 158 

Table 1 behavior and its ID in the behavioral data 159 

 160 

We calculated 𝜂 from the average number of subjects met for each action. We also calculated 161 𝛽 from the average ratio of “intended contacts” to 𝜂 for each behavior.  162 

To employ the behavioral data, we modified the random-planned simulation and called it 163 

behavioral data. In the simulation with behavioral data, nodes randomly choose one action when 164 

they take an action. 𝜂 and 𝛽 were set according to the action they chose. We compared the number 165 

of cases of infection caused by each action. We also compared the infection number when we 166 

restrict (make 𝜂 to 0) a certain action.  167 

 168 

Result and discussion 169 

The impact of 𝜼 and β on the infection spread 170 

In this section, we examine the impact of the 𝜂 and 𝛽on on the spread of infection. We changed 171 

the 𝜂 to 3, 6, or 9, 𝛽 from 0 to 1.0 in every 0.1. In addition, we varied 𝛼 to 0.3, 0.6, or 0.9, and 172 

ID behavior 
The number of subjects 

who take the behavior 

1 Go to office 387 

2 Go to other offices (ex. Office of buisiness partner) 86 

3 Go to hospital 128 

4 Go to gym 71 

5 Go to restaurant 246 

6 Go to bar 69 

7 

Go amusement facilities (theater, movie theater, museum 

or aquarium) 
34 

8 

Go shopping (convenience store, supermarcket or 

discount sore) 
242 

9 Go shopping（shopping mall or department store） 101 

10 Go to theme park 11 

11 Stay at hotel 30 

12 Ride on a train 431 

13 Ride on a bus 106 



8 
 

vary 𝑚 to 4, 6, and 10. The number of initial infections was set at 10. A random-plan simulation 173 

was implemented 1000 times for each setting. 𝑙0 was set to 10. Fig.3 shows the average of the 174 

total number of infections, and Fig.4 shows the average of the peak number of infection cases. 175 

 176 

Fig. 3 The total number of infection cases for an each setting. (a) 𝒎=4, (b) 𝒎=7, and (c) 177 𝒎=10. Each line represent the average of the total number of the infection cases over 1000 178 

simulations. Bands around each line represent standard error. 179 

 180 
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Fig. 4 The peak value of infection for each setting. (a) 𝒎=4 (b) 𝒎=7 (c) 𝒎=10. Each line 181 

represent the average of the peak number of the infection cases over 1000 simulations. Bands 182 

around each line represent standard error. 183 

 184 

 185 

These results imply that a larger 𝜂  and lower 𝛽  increase the infection rate. This means that 186 

contacts with many people, especially unintended contacts, spread the infection. The change in 187 

the number of infected people with 𝛽 is considered to be nonlinear, and the decline in the number 188 

of infections is larger as 𝛽 increases. In addition, when the value of m increases, the effect of 𝛽 189 

on infection becomes larger. This is because the greater the number of edges on the network, the 190 

closer it gets to random contact (unintended contact) with neighbors (intended contacts). The 191 

results indicate that it is important not only to reduce the number of people one meets but also to 192 

reduce unintended contacts to avoid a higher outbreak. 193 

  194 
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 195 

Simulation with the behavioral data  196 

Fig.5 and Fig.6 shows  the 𝜂 and 𝛽 respectively for each action obtained from the behavioral 197 

data. From the results shown in Fig.3 and Fig.4, a higher 𝜂 or lower 𝛽 causes more viruses to 198 

spread. Therefore, the following actions may spread more infection. 199 

1. Actions of higher 𝜂 or lower 𝛽: Action 7: Go to amusement park, Action 12: Take a train, 200 

Action13: Ride on a bus. 201 

2. Action of higher 𝜂: Action 1: go to office 202 

3. Action of lower 𝛽: Action 8: Go shopping (convenience store, supermarket, or discount sore), 203 

Action 9: Go shopping (shopping mall or department store). 204 

 205 

Fig 5. 𝜼  of each Action. The orange lines represent the medians. Boxes represent values 206 

from the lower quartile to the upper quartile. Whiskers represent 1.5 times the quartiles. 207 

Points are data points not included in the whisker. 208 

 209 

Fig 6. 𝜷 of each action. The orange lines represent the medians. Boxes represent values from 210 

the lower quartile to the upper quartile. Whiskers represent 1.5 times the quartiles. Points 211 

are data points not included in the whisker. 212 
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 213 

 214 

To investigate the effect of each action on the spread of the infection, we conducted another 215 

simulation in which each action was restricted. In this experiment, the 𝜂 of restricted action was 216 

set to 0. We set the parameters such that the infection spread and did not spread to all nodes, 𝛼 =217 0.6, 𝑚 = 7. Fig.6 show the result.  218 

 219 

Fig. 6. The total infection number when a certain action is restricted. 220 

ID 0 means that no actions are restricted. Error bars represent standard error of each value 221 

 222 

 223 

Fig. 6 shows the total infection number when a certain action is restricted and represents how 224 
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the extent contributes to the spread of infection. The top three action s that reduced the number of 225 

infected people when we restricted them were Action  12, Action 1, and Action 10 (Fig. 6). This 226 

result appears to be strongly influenced by a median value of 𝜂 shown in Fig. 5.  227 

To observe the effect of 𝛽 on infection, when various actions were included, we conducted an 228 

additional experiment. In this experiment, we increased or decreased the 𝛽 for all actions by ∆𝛽. 229 ∆𝛽 changed from -0.5 to 0.5 by 0.1. The results are shown in Fig.7 and Fig.8. 230 

 231 

Fig 7. The total number of infection when the 𝚫𝜷 changes. (a) 𝒎=4 (b) 𝒎=7 (c) 𝒎=9. 232 

 233 

 234 

 235 

Fig 8. The peak number of infection when the 𝚫𝜷 changes. 236 

(a) 𝒎 =4 (b) 𝒎 = 7 (c) 𝒎 = 9 237 
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 238 

 239 

Fig. 7 and Fig.8 implies that 𝛽 effects of β on infection spread also when various 𝜂 and 𝛽 actions 240 

are included. When we increase the overall 𝛽, we can decrease the total number and peak values 241 

of infections.  242 

 243 

Conclusion and discussion 244 

In this study, we investigated the effect of differences in relationships on the spread of infection. 245 

We implemented the random-planned SEIR model where relations are distinguished to 246 

“unintended contacts” and “intended contacts” and compared the effect of the two contacts on 247 

infection spread. We changed parameters 𝜂 (the number of people meeting in a contact) and 𝛽 248 

(percentage of intended contacts), and investigated the effect on the spread of infection. We found 249 

that as 𝜂 increases or 𝛽 decreases, the number of infected people increases. This result implies 250 

that decreasing the number of people who contact, especially “unintended contacts, ” is important 251 

to decrease outbreaks of infection. Our study achieves a setting closer to actual interactions than 252 

previous studies, in that we treated unintended contacts as a fluctuating relationship. Moreover, 253 

we discussed which action spreads infection more using a simulation with behavioral data. This 254 

result shows that the currents 𝜂 and 𝛽 for each action and increasing 𝛽 are also effective if various 255 

actions are mixed. In the future, we should discuss how to increase 𝛽 and reduce 𝜂 for each action. 256 

Our study has the following limitations. First, to evaluate the effect of 𝛽 on infection spread 257 
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accurately, we must evaluate m in a real network. We can compare the policy of increasing 𝛽 with 258 

other policies, such as decreasing 𝜂 , quantitatively if we understand the values of m in real 259 

networks. To evaluate m, a questionnaire was administered to investigate the number of unique 260 

contacts in a certain period in the future. Second, to evaluate 𝜂 and 𝛽 for each action, we need 261 

more objective data, such as GPS or questionnaire data aggregated from a store owner, instead of 262 

questionnaire data aggregated from ordinary people. Moreover, because 𝜂  and 𝛽  vary for the 263 

purpose of contact, even if the action is the same, it is also important to evaluate 𝜂 and 𝛽 for the 264 

purpose of contact. Therefore, future work may include research 𝜂  and 𝛽  for the purpose of 265 

contacts, and not only for types of actions.  266 
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