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The detection of 

super-spreading 

events in infectious 

disease is crucial 

for public health 

emergency response. 

Here, heterogeneous 

and stochastic agent-

based models explore 

the mechanism of 

super-spreading 

events.

individuals than the average number of sec-
ondary cases in epidemic outbreaks.2 The 
20/80 rule—which states that 20 percent 
of highly infectious individuals account for 
80 percent of disease transmissions,1,3—
characterizes SSEs. Researchers have arbi-
trarily defined super spreaders by using the 
number of their secondary infections (Z), 
such as Z ≥ 8, Z ≥ 10, or any higher than 
 average number.1 However, it’s unclear 
how SSEs emerge and which individuals 
are likely to be super spreaders. At pres-
ent, delayed hospital admission of those 
with diseases and the lack of stringent in-
fection control measures are deemed as the 
major causes of SSEs.2 However, other fac-
tors might also impact an SSE’s occurrence, 
including the transmission mode, contact 

frequency and duration, pathogen load and 
shedding rates, coinfections, and public 
health interventions.

The detection of SSEs and the character-
istic analysis of super spreaders are crucial 
for public health emergency response. One 
super spreader or SSE can ignite a new epi-
demic outbreak if the transmission mecha-
nism and effective strategies of infection 
control aren’t identified.

Our goal is to study factors associated 
with the occurrence of SSEs to identify po-
tential super spreaders in infectious dis-
eases. (For others’ work in this area, see the 
related sidebar.) We used the SARS epidemic 
as a case study for the impact of contact fre-
quency, contact duration, finding contact 
objects in social networks, and public health 

A super-spreading event (SSE) is a normal feature of a disease’s diffusion.1 

The emergence of severe acute respiratory syndrome (SARS) in 2003 

has raised many concerns related to SSEs.1–7 SSEs are large clusters of infec-

tions in which one or more individuals known as super spreaders infect more
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interventions on SSEs. The particular 
aspects in our work are as follows:

•	We emphasized the heterogene-
ity and stochastic nature of hu-
man contact patterns in pathogen 
transmissions. We applied different 
probability distributions to char-
acterize the complex contact pat-
terns. We modeled the number of 
contacts per agent, per day using 
a normal distribution according to 
survey data. The duration of con-
tacts was based on a power-law, 
waiting-time distribution. Further-
more, a weighted, scale-free net-
work represented the mechanism 
of selecting contact objects. And a 
Boltzmann action selection mecha-
nism controlled the number of con-
tact objects per agent, per day.

•	We based the model of SARS epi-
demic progress on a heteroge-
neous and stochastic timescale. In 
addition, we calculated infection 
probabilities according to the het-
erogeneous infectivity of infectious 
agents and the stochastic duration 
of each contact. The infectivity 
of infectious agents was modeled 

 according to their pathogen load 
and shedding rates.

Through computational experi-
ments on our models, we found that 
some factors led an infectious agent 
to infect many others. These factors 
include delayed hospital admission, 
active contact patterns, and high 
pathogen load and shedding rates. 
Furthermore, SSEs and large-scale 
epidemic outbreaks were more likely 
to emerge if an imported case of the 
SARS epidemic infected many other 
agents.

Model Summary
Figure 1a describes the framework of 
heterogeneous and stochastic agent-
based models. These models simulate 
an agent’s micro contact activities to 
produce macro spread patterns of the 
SARS epidemic. The computing en-
gine advances the execution of simu-
lation according to a time sequence. 
It uses a tick as the smallest discrete 
time unit. During each tick, the model 
drives the computation of the agent’s 
disease progress and contact activi-
ties. The random number  generator 

 produces numbers subject to certain 
distributions for the stochastic nature 
of contact activities, pathogen trans-
mission, and disease status.

Agent contact activities rely on 
contact frequency (number of con-
tacts per agent, per day), each con-
tact’s duration, and contact object 
selection mechanisms in a personal 
contact network. Our model ran-
domly schedules contact activities 
throughout one day. Furthermore, 
we designed the rule of contact activi-
ties so that agents were located in a 
spatial grid of 60,000 cells, as shown 
in Figure 1b. An agent can move in 
eight directions to an adjacent cell. 
When an agent’s contact event oc-
curs, the agent first moves to find 
the contact object. Then, two agents 
begin to have a conversation. When 
the conversation ends, both agents 
go back to their original positions or 
go on to have new contact activities. 
If a neighbor is talking with another 
agent, that agent can’t be selected as a 
contact object.

In each contact between susceptible 
agents and infectious agents, we can 
calculate the infection probability to 

One key problem when exploring a super-spreading 
event’s (SSE’s) mechanism is how to represent the 
heterogeneity of pathogen transmissions. Homoge-

neous mathematical models have been used to study the 
diffusion of infectious diseases, such as system dynamics via 
differential equations.1,2 Such models divided population 
into a few subgroups according to a person’s disease status, 
such as susceptible, infectious, or recovered. Then, model 
parameters, including average infection and recovery rates, 
were used to represent population dynamics among sub-
groups. To represent heterogeneous infectivity of individu-
als, infectious individuals were again divided into super- and 
regular-spreader subgroups.1 A higher infection rate was set 
for the former subgroup. The further grouping of a popula-
tion partially resolves the heterogeneity of an individual’s 
infectivity. However, this approach doesn’t describe the 
variations of different individuals’ infectivity in the same 
subgroup. In addition, in these models, time heterogeneity 
of infectious disease progress, mixing contact patterns, and 
heterogeneous social networks aren’t considered.

Agent-based simulation is a cost-effective and compre-
hensive approach to study the spread of infectious diseases. 

This approach exhibits the advantages of realizing the het-
erogeneity of individuals and of incorporating the stochas-
tic nature of infectious disease transmissions. Fei-Yue Wang3 
proposed an approach involving artificial societies, compu-
tational experiments, and parallel execution (ACP) for mod-
eling, analysis, and control of complex social systems. This 
approach models individuals as autonomous agents and 
constructs artificial societies to simulate real societies. On 
the basis of the ACP approach, in the main article we pro-
pose heterogeneous and stochastic agent-based models to 
build an agent society to explore the mechanism of SSEs.
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Figure 1. Human contact patterns in severe acute respiratory syndrome (SARS) pathogen transmission. (a) The framework of 
heterogeneous and stochastic agent-based models. (b) Infected agents can be in one of several states, including susceptible 
(green), incubation (yellow), infectious (red), discharged (blue), or dead (gray).
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determine whether susceptible agents 
are infected by the SARS epidemic. 
If a susceptible agent is infected, his 
or her disease progress evolves based 
on a heterogeneous and stochastic 
timescale.

SARS Epidemic Progress
Figure 2 describes the SARS epidem-
ic’s progress. An infected agent goes 
through four status periods: suscep-
tible, incubation, infectious, and re-
covered. The original status of agents 
is susceptible. After infection, the 
agent’s status transforms from sus-
ceptible to incubation. At the sta-
tus of incubation, disease symptoms 
don’t show up immediately. The 
agent exists in a latent period for 
several days. At the time of showing 
disease symptoms, the agent’s status 
moves from incubation to infectious. 
The agent would then go to a hospi-
tal and become isolated. After either 
dying or being discharged from the 
hospital, the agent moves from infec-
tious to recovered status. Following 
the four statuses, the agent becomes 
immune to the SARS epidemic.

The SARS progress timescale con-
tains four time intervals: (T1) from 
infection to onset of symptoms, (T2) 
from onset to hospital admission, (T3) 
from admission to discharge, and (T4) 
from admission to death. Research-
ers fitted these intervals to gamma 
distributions by maximum likelihood 
estimation methods.8 The mean (vari-
ance) of time intervals (T1), (T2), (T3), 
and (T4) are 6.37 days (16.69 days2), 
4.85 days (12.19 days2), 23.5 days 
(62.1 days2), and 35.9 days (57.29 
days2).8 We set the case fatality prob-
ability as 0.15.9

The probability density function of 
a gamma distribution is represented 
as follows:10

f x x e x( )
( )

( ) ,= × ×− −βθ
θ

βθ β βθ
Γ

1

where Γ(q) is the gamma function, 
and b and q are formation and scale 
parameters. We used the preceding 
statistical data, means, and variances 
to calculate the formation parameters 
and scale parameters of gamma dis-
tributions. Then we applied gamma 
random variables10 to scale SARS epi-
demic progress.

Mixing Contact Patterns
Recently, many studies have dem-
onstrated the non-Poisson nature 
of human activities.11 A power-law 
waiting-time distribution P(t) ∼ t -a 
describes the time heterogeneity of 
human activity dynamics. Further-
more, researchers have used two 
universality classes to model hu-
man activities characterized by ex-
ponents a = 1 and a = 1.5. These 
models were also employed to simu-
late the interactions of individuals in 
social systems.11 Hence, we used a 
power-law waiting-time distribution 
with exponents a = 1.5 to describe 
contact dynamics in SARS epidemic 
transmission.

Number of Contacts per Agent, 
per Day
Researchers have quantified human 
contact patterns through a sample 
survey of a group of individuals.12 
The survey result indicates that the 
number of contacts per individual, 
per day could be approximated by 
a normal distribution whose mean 
(standard deviation) is 16.8 (8.5). 
Therefore, we used a normal random 

variable10 to describe the number of 
contacts per agent, per day:

XNC = + × − × ×µ σ γ πγ( ln( )) cos( ),2 21 2
1
2

where XNC denotes the number of 
contacts, m and s are the mean and 
standard deviation, and g1 and g2 are 
both uniform random numbers in the 
range [0, 1].

Duration of Each Contact
We can model the time series of in-
teractions using a simple renewal 
process with waiting time distribu-
tions.11 In a queue system, waiting 
time approximates to service time. 
The duration of contacts can be as-
similated to service time in queuing 
theory. Hence, we used a power-law 
waiting-time distribution to model 
the duration of contacts. The power-
law random variable10 is described as

T t t tC = + − ×− + − + − + − +( ( ) ) ,0
1

1
1

0
1 1

1α α α αγ

where TC ∈ [t0, t1] denotes the dura-
tion of contacts; a is the exponent of 
a power-law distribution, which we 
set as 1.5 in our experiments; and g 
is a uniform random number in the 
range [0,1].

Selecting Contact Objects in a 
Weighted, Scale-Free Network
Many human contact networks are 
scale-free. When a vertex with a high 
degree in a scale-free network is in-
fected by infectious diseases, it can 
easily spread a virus to many other 

Figure 2. SARS epidemic progress. An infected agent moves through four status 
periods containing four related time intervals. 
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vertices, just like a super spreader. 
Therefore, we applied a scale-free net-
work to model the contact pattern of 
agents.

Relationship closeness influences 
the contact frequency between two 
individuals. We set a weight coeffi-
cient Wij(Wij = Wji) for each edge in 
the contact network to denote the re-
lationship closeness of two agents (Ai 
and Aj). Most agents had normal rela-
tionships with each other, while a few 
agents had much closer relationships. 
So, we generated weight coefficients 
through a power-law random vari-
able XW ∈ [1, 10] with an exponent 
a = 1.5. The mechanism of selecting 
contact objects depended on the rela-
tionship closeness of agents. We ap-
plied the Boltzmann action-selection 
mechanism to tune the selection of 
contact objects so as to generate vari-
ous contact patterns:

P
e

e
ij

TW

TW
k

N

ij

ik

=

=∑ 0

,

where Pij(Pij ≠ Pji) denotes the contact 
probability of two agents (Ai and Aj) 
in a contact event of Ai. The number 
of neighbors (N) that Ai could visit 
varies with time in experiments, be-
cause infected agents would be hos-
pitalized and isolated, discharged, or 
dead. So Pij is a dynamic parameter 
varying with the number of neighbors 
(N). When the temperature param-
eter T tends to zero, each neighbor 
has the same probability (approxi-
mating to 1/N) of being selected as 
a contact object. When T tends to ∞, 
an agent would select a neighbor with 

the  closest relationship as the agent’s 
contact object.

Infection Probabilities
The contacts between susceptible indi-
viduals and infectious individuals cause 
the transmission of the SARS epidemic. 
Infectious individuals shed the SARS 
pathogen through aerosols or droplets 
to susceptible individuals. When a sus-
ceptible individual inhales a sufficient 
dose of the SARS pathogen, that person 
is infected. So the infection probabili-
ties of the SARS epidemic are related to 
contact intensity and duration, infectiv-
ity of infectious individuals, and immu-
nity of susceptible individuals. In this 
article, we only considered contact du-
ration and infectivity. We assumed all 
susceptible agents have the same immu-
nity, and the intensity of each contact is 
the same. Then infection probabilities 
are described as follows:

P = TC × I(t),

where TC means contact duration, 
and I(t) means the infectivity of infec-
tious agents.

The infectivity is related to patho-
gen load and shedding rates of infec-
tious agents, and evolves along with 
the infectious period. According to 
consensus documents of the SARS 
epidemics,9 maximum pathogen load 
and shedding rates from the respira-
tory tract occur on about day 10 of 
the illness and then decline. Patho-
gen shedding follows an inverted “V” 
distribution. The inference of infec-
tivity is greatest in the second week 
of illness. So, we used a triangle dis-
tribution to model the infectivity 
of  infectious agents. The probability 

density function of a triangle distribu-
tion is represented as

I t
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where a and c are the beginning time 
and ending time of infectivity, and b is 
the time when agent has the greatest 
infectivity.

We didn’t have laboratory data on 
cases to represent the relationship be-
tween contact duration and the in-
fectivity of SARS cases. We therefore 
assumed the relationship between the 
greatest infectivity and contact dura-
tion as shown in Table 1 and tuned 
the value of the parameter P(TC | I(b)) 
in experiments to get reasonable re-
sults. Then we represented the infec-
tion probabilities as

P
I t
I b

P T I bC= ×( )
( )

( | ( )).

Designing Experiments
We built an agent society with 2,000 
individuals (such as in Figure 1). In 
addition, we constructed a scale-free 
network based on a Barabási and 
 Albert (BA) model (N = 2,000, m = 5)  
in the agent society. In experiments, 
we defined a day as beginning at 
8  a.m. and ending at 11 p.m. Each 
experiment ended when the SARS 
epidemic outbreak was over or the 
simulation time exceeded 100 days.

We chose the agent (AI) with the 
largest degree in the contact network 
as an imported case of the SARS epi-
demic at the beginning of experiments. 
We designed heterogeneous contact 
patterns, delayed admission time, and 
distribution of infectivity for (AI) and 
other agents (AO).  Table 2 describes 
the benchmark values of parameter 
setting for (AI) and (AO). We didn’t 
change the parameter setting for (AO) 

Table 1. Infection probability with greatest infectivity.

Contact duration TC (min) Infection probability P(TC | I(b)) 

0 < TC ≤ 5 0.1

5 < TC ≤ 15 0.25

15 < TC ≤ 30 0.4

30 < TC ≤ 45 0.6

45 < TC ≤ 60 0.7

60 < TC 0.8
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in the experiments. However, to study 
the impact of individual factors on 
SSEs, we changed some parameter val-
ues of factors for (AI) in experiments.

We designed the effect of public 
health interventions on admission time 
in experiments, such as contact tracing 
of a new admitted case to control la-
tent agents. We set the probability that 
an agent is traced to 0.95, who had 
contact with a newly admitted case 
within three days. We set the probabil-
ity that an agent is traced to 0.65, who 
had contact with a newly admitted 
case before three days. We designed the 
admission time (AT ′) for traced agents 
as a gamma distribution whose mean/
variance equaled 30 hours/36 hours2.

Results
On the basis of the benchmark values 
of the parameter setting for AI in Ta-
ble 2, we designed different levels of 
factors, including the number of con-
tact (NC), admission time (AT), the 
day (Ib) when AI had the greatest in-
fectivity, and temperature parameter 
(T) in a Boltzmann function. We ran 
30 sets of experiments for each level 
of factors to study what conditions AI 
was likely to become a super spreader, 
and hence when SSEs might emerge.

Table 1 shows the value of infection 
probability distribution to achieve a 
reasonable average number of second-
ary infections in all experiments as 2.53 
(95 percent confidence, or CI, 2.46 to 
2.6), which is consistent with Riley’s 
estimation value of 2.7 (95 percent CI, 
2.2 to 3.7).6 We applied the temperature 
parameter (T) in the Boltzmann func-
tion to control the number of  contact 
objects of AI per day. When we set T as 

0.1, 0.6, 1, and 1.4, we computed the 
average number of contact objects of AI 
per day in experiments as 26.1 (95 per-
cent CI, 24.56 to 27.63), 17.9 (95 per-
cent CI, 16.93 to 18.77), 10 (95 percent 
CI, 9.48 to 10.46), and 3.2 (95 percent 
CI, 2.61 to 3.88), respectively.

Figure 3 illustrates the statistical re-
sults of our experiments. Figure 3a 
demonstrates the fluctuation of per-
centage of transmissions caused by the 
top 20 percent of cases under various 
parameter settings. When parameter 
AT and NC increased, or parameter Ib 
and T decreased, the bars rose gradu-
ally. This indicates that the top 20 
percent of cases caused more transmis-
sions. In addition, we discovered that 
the 20/80 rule was not only related to 
the infectivity of AI, but also to that of 
AO. We didn’t change the parameter 
setting for AO in Table 2 in all experi-
ments. However, the average percent-
ages of transmissions caused by the top 
20 percent of cases fluctuated around 
80 percent except for two parameters, 
AT = 2 and T = 1.4. The values of these 
two parameters made AI infect fewer 
agents, as Figure 3c shows.

Figures 3b and 3c show the number 
of cases and secondary cases of AI in 
experiments. Along with the increase of 
parameter AT and NC, both the num-
ber of cases and the secondary cases 
of AI increased. This was contrary to 
 parameter T and Ib. Furthermore, if AI 
was admitted and isolated earlier, the 
number of cases and secondary cases 
of AI were smaller and convergent at 
the mean line. When delayed admission 
time (AT) increased gradually, these 
data dispersed in the positive direc-
tion of the y-axis. Accordant or reverse 

 phenomenon can be discovered with 
parameters NC, T, and Ib.

Figure 3d describes the comparison 
of the average degree in the contact 
network, average length of delayed 
admission time (AT), average con-
tact number (NC) per day, and aver-
age number of contact objects per day 
(NCO) between super and regular 
spreaders. We divided the SARS epi-
demic cases into two subgroups, su-
per spreaders and regular spreaders, 
according to the number of their sec-
ondary infections (Z). We assumed 
super spreaders infected no less than 
10 agents. On the contrary, regular 
spreaders infected less than 10 agents. 
It was evident that super spreaders 
had a large degree in the contact net-
work, longer delayed admission time, 
and more active contact patterns.

We concluded that a long delayed 
admission time, active contact pat-
terns, and high pathogen load and 
shedding rates all led an infectious 
agent to infect many other agents. Fur-
thermore, if the imported case AI in-
fected many other agents, SSEs and 
large-scale epidemic outbreaks might 
emerge with a high probability. So 
an infected agent in an exposed pe-
riod, who had active contact behav-
iors, severe symptoms along with high 
pathogen load and shedding rates, was 
likely to be a potential  super spreader.

In human societies, due to the vari-
ations in age, gender, occupation, 

and social setting, some people have 
a high connection degree in social net-
works. These individuals have active 
behaviors and contact many people 

Table 2. Parameter settings for agents.

Factors Parameters for (AO) Parameters for (AI)

Number of contacts (NC) NC ∼ N(16.8, 72.25) NC ∼ N(28.7, 35) 

Contact duration (TC) TC ∈ [1, 120] minutes TC ∈ [1, 120] minutes

Temperature in Boltzmann (T ) T = 0.3 T = 0.3

Triangle distribution for infectivity Ia = 0, Ib = 10, Ic = 23 days Ia = 0, Ib = 8, Ic = 23 days

Admission time (AT ) AT ∼ Gma(4.85, 12.19) days
AT ′ ∼ Gma(30, 36) hours AT = 6 days
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per day. When they’re infected by an 
epidemic, their symptoms might be-
come severe in a short period and 
have a high pathogen load and shed-
ding rate. These people are potential 
super spreaders in epidemic outbreaks. 
To prevent and control  epidemic 
 outbreaks, some measures such as 

 vaccination and isolation should be 
applied to control them preferentially.

To prevent new epidemic outbreaks, 
identifying and isolating new imported 
cases as early as possible is a key step. 
If a new, imported case infects a large 
number of other  individuals, many 
latent cases might disperse and hide 

themselves among the population. It’s 
difficult to discover and isolate all in-
fected individuals. Some infected in-
dividuals escape from emergency 
response policies. They might have 
the onset of symptoms and cause new 
transmission of epidemics in a short 
period. Such iterative transmissions 

100

40 55

50

45

40

35

30

25

20

15

10

5

0
Degree AT NC NCO

35

30

25

20

15

10

5

0

90

80

70

60

50

40

30

20

10

AT
 =

 2

AT
 =

 4

AT
 =

 6

AT
 =

 8

Ib
 =

 6

Ib
 =

 1
0

Ib
 =

 1
4

T 
= 

0.
1

T 
= 

0.
6

T 
= 

1

T 
= 

1.
4

NC
~N

(1
6.

2,
14

.3
)

NC
~N

(3
6,

26
.3

)

NC
~N

(4
6.

8,
11

.8
)

AT
 =

 2

AT
 =

 4

AT
 =

 6

AT
 =

 8

Ib
 =

 6

Ib
 =

 1
0

Ib
 =

 1
4

T 
= 

0.
1

T 
= 

0.
6

T 
= 

1

T 
= 

1.
4

NC
~N

(1
6.

8,
6.

2)

NC
~N

(2
8.

8,
25

.9
)

NC
~N

(4
3.

5,
25

.2
)

AT
 =

 2

AT
 =

 4

AT
 =

 6

AT
 =

 8

Ib
 =

 6

Ib
 =

 1
0

Ib
 =

 1
4

T 
= 

0.
1

 T
 =

 0
.6

T 
= 

1

T 
= 

1.
4

NC
~N

(1
6.

2,
14

.3
)

NC
~N

(3
6,

26
.3

)

NC
~N

(4
6.

8,
11

.8
)0

Av
er

ag
e 

20
/8

0 
pe

rc
en

ta
ge

 (%
) (

Y)
Nu

m
be

r o
f s

ec
on

da
ry

 c
as

e 
of

 A
I (

Y)

Nu
m

be
r o

f c
as

es
 (Y

)
Av

er
ag

e 
da

ta
 (Y

)

400

350

300

250

200

150

100

50

0

Super spreader
Regular spreader

(a) (b)

(c) (d)

Figure 3. Results of our experiments. (a) The percentages of transmissions caused by the top 20 percent of cases. (b) The 
number of cases in 30 experiments for each level of factors. (c) The number of secondary cases of the imported case agent in 30 
experiments for each level of factors. (d) The comparisons of degree in contact networks, delayed admission time (AT), number 
of contacts (NC ), and number of contact objects (NCO) per day between super and regular spreaders.

IS-28-04-Duan.indd   24 16/10/13   7:01 PM



E m E r g E n c y  r E s p o n s E

JULY/AUGUST 2013 www.computer.org/intelligent 25

could result in a more severe epidemic 
situation. Thus, new, imported cases 
should be identified earlier to limit 
their secondary infections.

We didn’t have laboratory data on 
cases to represent the relationship be-
tween contact duration and the great-
est infectivity of infectious agents. We 
tuned the infection probabilities to 
generate reasonable results. Although 
we used real data cited from refer-
ences to support the models and cali-
brate the parameters, some models and 
parameters were special for this study. 
In future work, we’ll build artificial so-
cieties to simulate the spread of infec-
tious diseases in communities or cities.

In different countries, cities, and so-
cial settings, human behaviors and so-
cial networks are diverse. Thus, the 
models and parameters should be 
adaptively adjusted in concrete appli-
cations. We’ll collect more real data 
using data-mining approaches from 
questionnaires, hospital records, dis-
ease-detecting and warning systems, 
and the Internet. We’ll apply these real 
data to support modeling real scenar-
ios and learn model parameters. In 
addition, by using unified simulation 
object models as an interface of in-
terchanging data among systems, our 
models will be connected to a real-time 
data stream. Then, we can use data-
driven approaches to realize the coevo-
lution of real and artificial societies.
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