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ABSTRACT 
Population immunity is described as the number of individuals in a given population that is 
sufficient to prevent the transmission of a disease from the infectious to the susceptible. 
Although high population immunity usually prevents epidemics, we have seen many epidemics 
that were caused by infectious agents such as the Severe Acute Respiratory Syndrome (SARS) 
and Influenza type A H1N1 viruses. Transmissibility of a disease is defined as the probability of 
transmission from an infectious person to a susceptible individual and is an important factor in 
disease spreading. This study describes a realistic population contact model which simulates 
the spread of disease to determine if population immunity decreases the antigenic drift level, or 
keeps it low. This putative effect would result in transmission rates being kept low and thus 
preventing the spread of disease during epidemics. The results show that population immunity 
plays a significant role in keeping antigenic drift low during most disease spreading cases, but 
not during epidemics.  However, low transmissibility was effective in keeping antigenic drift low 
even during epidemics. The study concluded that high population immunity is still important to 
prevent epidemics, but once immune escape occurs, lowering transmissibility of a disease 
becomes the significant factor in preventing further disease spread. 

 

INTRODUCTION 

Most epidemics are caused by infectious 
pathogens such as bacteria and viruses. The 
type A influenza virus has famous subtypes 
such as H1N1 and H3N2, and seasonal 
influenza A epidemics are a significant cause 
of morbidity and mortality in temperate zones 
of both hemispheres (Earn et al. 2002). 
Severe Acute Respiratory Syndrome (SARS) 
is caused by SARS coronavirus, and between 
November 2002 and July 2003, SARS 
coronavirus produced 8,096 known infected 
cases and killed 774 people (a case-fatality 
rate of 9.6%) worldwide (World Health 
Organization 2003). Although the infected 
cases are reduced significantly, if the virus is 
not eradicated perfectly, the virus will keep 
accumulating point mutations in the virus 
antigen molecule. Point mutations in the virus 
take place as the virus’ surface proteins 
undergo conformational changes, adding 
amino acid replacements (Macken et al. 

2001). This process is called antigenic drift. 
The number of point mutations in an antigen is 
called the antigen distance. Once antigenic 
drift occurs, it is harder for an immune system 
to recognize the antigenic binding site and is 
thus harder to kill the newly mutated virus. 
Even if the population acquires strong 
population immunity, it becomes useless if the 
new virus strain has undergone multiple 
antigenic drift point mutations. The loss of 
immune memory due to the antigenic drift of 
the virus is called viral immune escape. Viral 
immune escape adds force to speed up the 
ongoing epidemic growth (Ferguson et al. 
2003; Xia et al. 2005), and hence, a new 
vaccine against new strains is administered 
each year in attempts to avoid immune 
escape. 

Immune escape lowers the population 
immunity. Population immunity is described as 
the number of individuals in a population that 
is sufficient to prevent the transmission of a 
disease from the infectious to the susceptible. 
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Although high population immunity usually 
prevents epidemics, there have still been 
many epidemics caused by infectious agents 
such as SARS and the Influenza H1N1 virus. 
Transmissibility of a disease is defined as the 
probability of transmission from an infectious 
person to a susceptible individual and is an 
important factor in disease spreading 
(common transmission rate during the 
epidemic, or outbreaks). There have been 
many studies on disease transmissibility in 
order to predict outbreak and epidemic 
diversity, and several simulations have been 
used to predict the pattern of spread during 
epidemics. Among the simulations, the 
traditional compartmental model assumes that 
population groups are fully mixed, that is, the 
assumption is that every individual has an 
equal chance of spreading the disease to 
each other. This does not represent the 
population of the real world, because there is 
a great heterogeneity throughout a given 
population (Meyers et al. 2005). However, the 
contact network model resolves this problem 
by applying individual-based modeling. This 
model assumes that infectious diseases 
display great heterogeneity in transmission 
efficiency within certain individuals, who 
appear to be responsible for a large proportion 
of transmission events (Booth et al. 2003). 

This study describes a realistic 
population contact model that simulates the 
spread of disease to determine if population 
immunity or other factors decrease the 
antigenic drift level, or keep it low, so that in 
turn the transmission rate can be kept low as 
well, thus preventing the spread of a disease 
during epidemics. A better understanding of 
the relationship between population immunity, 
or transmissibility of a disease, to that of 
antigenic drift, will allow for better predictions 
of epidemic development based on the such 
factors as the demographic and immunization 
levels of a given population. This will possibly 
result in solutions to prevent the occurrence of 
more severe epidemics. 

MATERIALS AND METHODS 

1. The Simulation 

Contact Networks 

We used an infectious disease spreading 
model to predict the size, length, and number 
of antigenic drifts during an epidemic or 
outbreak event. To examine different 
infectious agent cases, a fixed sample 
population model was prepared, so that the 
simulation could be run upon the sample 
population repeatedly. The contact network 
model - which is more realistic than the 
compartmental model - was used. Each 
person in a community was represented as a 
vertex in the network and the computer 
program randomly placed each vertex. Each 
contact between two people is represented as 
an edge (line) connecting their vertices. 
Finally, the number of edges emanating from 
a vertex (the number of contacts a person 
has) is called the degree of the vertex.  

Epinetics 

The program “epinetics” is the computer 
program that was used to design the contact 
network. The code of the program is based on 
the Gillespie algorithm (Gillespie, 1976). 

Assigning Population Size and Program 
Output 

The command ‘get.exp.rand.graph()’ was 
used to enter the population (N = 1000) and 
the mean degree per individual (mean.degree 
= 15). Therefore, in this population model, 
every vertex will have a different number of 
edges, but the average number of edges will 
be 15. A population size of 1000 is smaller 
than many human populations. However, this 
was the default number set in order to 
decrease the running time of the simulations. 
Moreover, it was shown that an exponential 
distribution with a mean degree of 15 was a 
good fit to a more complicated network model 
based on the city of Portland, Oregon (Bansal 
et al. 2007). This network has a “heavy tail” of 
“super-spreaders”. A super-spreader has a 
large number of contacts, so when this 
individual is infected with a virus they can 
transmit largely and increase the transmission 
rate. So called Super-spreaders can have a 
profound effect on developing outbreaks or 
epidemics despite being few in number. The 
command N <- get.exp.rand.graph(N = 1000, 
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mean.degree = 15) was used to recall the 
population for subsequent predictions.  

The outputs of the simulation are: the 
epidemic size, epidemic length, average 
number of antigenic drift, and the maximum 
number of antigenic drift gone through for 
each repitition. Epidemic size is the number of 
individuals infected at least once during the 
spreading of the disease and is expressed as 
“es.” Epidemic length is the duration of the 
disease spreading and was expressed as 
“length”. Average number of antigenic drift 
and maximum number of antigenic drift gone 
through are expressed as “mean.D” and 
“max.D,” respectively. 
 

Assigning parameters 

The command used for assigning parameters  
was param.loop(): 

D <- param.loop(net = g, trans = seq(0.05, 
0.25, 0.01), thetas = seq(0.1, 0.9, 0.1), reps = 
30, verbose = FALSE) 

To examine the relationship of the population 
immunity and transmissibility of the disease 
with that of antigenic drift, different population 
models containing different values of the 
population immunity and transmissibility were 
needed. We therefore designed each 
population to have a population immunity from 
0 to 0.9 increasing in order of 0.1, and 
transmission rates from 0.05 to 0.25 
increasing in order of 0.01, which was entered 
through the command param.loop(), with a 
‘theta = seq(0.1, 0.9, 0.1), trans(0.05, 0.25, 
0.01) Here “theta” represents the population 
immunity and “trans” represents 
transmissibility of the disease. From now on, 
population immunity will be referred to as 
theta and transmissibility as trans. 

One notable thing about the trans 
value in the simulation is that the value that is 
set for transmissibility is the maximum 
transmission rate it can get in one disease 
spreading case. If the trans value assigned for 
certain population was, for example, 0.15 then 
at the beginning of the disease spreading 
simulation, transmission rate does not start 
with 0.15 but rather, approaches the 
maximum trans value of 0.15 as the antigenic 

distance increases. In the simulation, the 
increase of transmissibility is expressed by the 
following equation. 

	  

Equation 1 

In the equation,  is the maximum 
transmissibility assigned, α is the immune 
escape parameter, m is antigenic distance, 
and is the new transmission rate after 
several antigenic drift events during the 
epidemic. When a host becomes infected, the 
program calculates a transmission rate for all 
the susceptible neighbors of the newly 
infected host using this equation. As the 
distance increases,  will eventually 
go to 1 and host transmission rate will get 
closer to the maximum which is the value 
assigned for the simulation.  

Therefore, the theta value that was put 
in this simulation represents the host immunity 
before the spreading of the disease, and 
subsequent viral mutations, while the trans 
value is the maximum transmissibility value 
reached, or, the final transmissibility value if 
antigenic drift is large. 
 

Assignment of Disease Spreading Cases 

The contact network model allowed us to start 
the infectious disease spreading simulation by 
starting at a vertex, which represents a single 
individual. When the simulation begins, the 
time interval between the first and next event 
was calculated by solving the following 
equation for time.  

        	  

Equation 2 

Taking the natural logarithim, and rearranging 
the equation to solve for time, it can be re-
written as follows: 
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Equation 3 

Here, the given number is the rate and 
probability of nothing happening after the 
specific event is determined randomly by the 
rand function, which picks any random 
number between 0 and 1. Rate, from the 
equation 3, is the sum of the transmission rate 
(T), recovery rate (ν) and mutation rate (µ). 
The value of each rate is as follows: 

T = transmission/day   0.2 

ν = recoveries/day        0.1 

µ = mutations/day      0.01 

T+ ν + µ = overall rate    0.31 

The infection starts at certain point 
and the time determined by this equation will 
tell how long it would take for something(it can 
be either transmission of the infection, 
recovery of the infection or the mutation) to 
happen along the edge that connects two 
individual. 

The next important point is how to 
determine whether transmission of the 
infection, recovery of the infection, or the 
mutation of the disease occurs within this time 
interval. Again, the rand function can be used 
to determine this. The overall rate is the sum 
of T, ν and µ. From this, we can tell that in a 
particular event, transmission will occur with a 
probability of   ; there is a 64.52% chance 

that transmission will occur between two 
individuals. In the same way, recovery occurs 
32.25% of the time and mutation occurs 
3.23% of the time derived from the above 
equation. The program enumerates each 
number in sequence from high to low percent 
(0.6452, 0.3226, and 0.0323). Randomly 
choosing one number between 0 and 1, one 
can select the event proportional to its rate. 
An output number between 0 and 0.6452 
indicates a transmission of the infection to an 
individual from other, while a value between 
0.6453 and 0.9677 indicates one person has 
recovered from the infection, and finally, an 

output number between 0.9678 and 1.0000 
indicates the mutation of the virus.  
 

RESULTS: 

To examine the effects of the transmission 
rate, the outcomes (es, length, mean.D, and 
max.D) of the 3 different transmission rates 
(which are 0.1, 0.2 and 0.3) were compared. 
For each transmission rate, the program drew 
4 graphs (es vs. θ, max.D vs. θ,  mean.D vs. 
θ, length of es vs. θ). After comparing them, 
we concluded that max.D vs θ graph is proper 
to make assumptions about the relationship 
between population immunity and antigenic 
drift. The following graphs (figure 1) are 
max.D vs θ graphs with trans values equal to 
0.1, 0.2 and 0.3. 

a)                                                     b) 

 

             c)              

 

 

 

 

Figure 1: Graph of max.D vs θ. These 
graphs were drawn to compare how 
population immunity affects antigenic drift 
under differing transmissibility values. In a), 
high max.D values are concentrated along the 
low immunity(theta). In b) and c), most of the 
high max.D values are concentrated along the 
high theta value. 
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The max.D vs  θ graphs(figure 1) showed that 
most of their high max.D values are 
concentrated along the low immunity(theta) on 
the graph of trans=0.1 (Figure 1a). The graphs 
of trans = 0.2 and 0.3 (Figure 1b and 1c) both 
had most of their high max.D values 
concentrated along the high theta value.  

The program was designed to make 
multiple graphs of max.D vs. θ of different 
trans values. The program simulated 172 530 
different disease-spreading cases and each 
repetition included the change of the theta 
from 0 to 0.9 increasing on the order of 0.1. 
The transmission rates were used from 0.05 
to 0.25, increasing on the order of 0.01. This 
program enabled us to examine how host 
immunity (theta) affects max.D at a particular 
transmissibility1.  
 

Inclusion of all of disease spreading cases 

Figure 2: Graphs of max.D vs θ with 21 
different trans values (0.05~0.25). The local 
regression line that plots for the highest 
max.D  average of each theta has its peak at 
theta = 0 for most of the graphs 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  The author will provide copies of the simulation software and a 
detailed list of parameter values to any interested readers upon 
request.	  

Figure 2 is the max.D vs θ graphs with 21 
different trans values. The graphs show how 
the max.D values are spread out and where 
the max.D values are particularly 
concentrated for each transmission rate. A 
local regression line drawn for each graphs 
indicates the average value of max.D for each 
theta values. 

The peak of the regression line of each graph 
represents the location where the highest 
max.D average of theta was located. Although 
the geometric shape of the graphs were all 
different, most of the graphs had its peak of 
regression line at theta = 0. 

Excluding small and zero outbreaks. 

 
Figure 3: Graphs of max.D vs θ with 21 
different trans values(0.05~0.25). The local 
regression line that plots for the highest 
max.D  average of each theta has its peak at 

low theta when trans is small, and at high 
theta when trans is large. All the low (infection 
of people below 100) or no disease spreading 
cases were excluded so that the data could 
depict epidemics cases. 

The small outbreaks were excluded from the 
data in order to observe what would happen 
when the stochastic (chance) extinction of the 
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epidemic was ignored. In this way, we could 
focus on the disease spreading cases during 
epidemics and look for the relationship 
between population immunity and antigenic 
drift. With the new data, the program 
generated another 21 max.D vs θ graphs. 
Exclusion of all the low (infection of 100 
people or below) or zero disease spreading  
cases gave us graphs showing  the shift of the 
peak of regression line to the right (towards 
higher theta values) along the increase of the 
transmission rate (Figure 3).  

Critical theta values 

a)  

 
 
 
 
 
 
 
 
 
 
 
 
 
b) 

Figure 4: a) Color scheme that shows the 
general relationship between transmission 
rate and host immunity during the disease 

spreading period. Most antigenic drift events 
occur at low immunity, whether transmissibility 
is high or low. b) Graph of theta.crit vs 
transmissibility. Points are irregularly spread 
out but in most cases. Theta.crit has small 
value. 

a) 

 

 

 

 

 

 

 

b) 

 

 

 

 

 

 

 

 

 

Figure 5: a) Color scheme that shows the 
relationship between transmission rate and 
host immunity during epidemics. Most of 
antigenic drift occurs at low immunity, whether 
transmissibility is high or low. b) Graph of 
theta.crit vs transmissibility. Points are 
increasing towards higher transmissibility 
values. 
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The theta value that contains the highest 
average number of antigenic drifts (which is 
represented as the peak of the regression 
line) was named as the “theta.crit” (critical 
theta value, θc). A new function of the 
program returned the critical theta value as 
the theta value where the average of the 
max.D was highest for each trans. It also 
returned the average max.D value at that 
point, and makes a figure showing the 
average theta as a function of both theta and 
transmissibility2. 

Theta.crit including all cases 
 
First, the data frame and the figure that 
depicts all the disease-spreading cases, 
including small outbreaks, were prepared 
(Figure 4). Figure 4, a. shows the color 
scheme that outlines the relationship between 
transmission rate and host immunity. Blue 
represent a low average of max.D values and 
red represent a high average of max.D values. 
On this graph, the blue area is dispersed on 
the lower right portion of the graph and also, 
the average max.D values do not exceed 4.  
 
Theta.crit excluding small outbreaks 

The color scheme (Figure 5a) that excluded 
small outbreaks looked quite different than the 
one that included all the disease-spreading 
cases;  average max.D values ranged from 4 
to 14, which are significantly bigger than the 
previous, which are 1 to 4. The blanks on the 
graph represent no spreading of the disease, 
and therefore no antigenic drift. The 
compelling difference is the location of the 
color distribution.  

DISCUSSION: 
 
Figure 1 was drawn to look at the relationship 
of antigenic drift and population immunity 
when the population has different 
transmission rates. Most of the high max.D 
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2	  The author will provide copies of the simulation software and a 
detailed list of parameter values to any interested readers upon 
request.	  

values were concentrated along the low 
immunity (theta) when the trans value was set 
equal to 0.1 (Figure 1a). The graphs of trans = 
0.2 and 0.3 (Figure  1b and 1c) both had their 
high max.D values concentrated along the 
high theta value. From the graphs, the 
assumption was made that with high 
transmission rates, strong population 
immunity cannot prevent the antigenic drift, so 
immune escape will occur. Contrastingly, 
strong population immunity can prevent the 
antigenic drift only when the transmission rate 
is low, but immune escape still occurs at low 
immunity.  

In order to confirm the assumption, 
and to also understand how the assumption 
applies during epidemics, we compared the 
effect of population immunity during epidemic 
periods and its effect on every other disease 
spreading case. When we drew the max.D vs 
θ graphs with 21 different trans values, which 
included all cases of the disease spreading 
model (Figure 2), we expected to have 
different peaks of regression lines at different 
trans values, because the assumption was 
that strong immunity can prevent the antigenic 
drift only when the transmission rate is low, 
and strong immunity cannot prevent the 
antigenic drift when the transmission rate is 
high, thus resulting in immune escape. Like 
the assumption, the graph shows that as the 
trans value is increased, the highest max.D 
occurs at high theta. However, the regression 
lines on the graphs which represent average 
of maximum drift has its highest peak at theta 
= 0 and declines along the increase of the 
theta. Using theta.crit, we could draw graphs 
which depict the relationship of population 
immunity and antigenic drift in general and 
during the epidemics more clearly. 

 As depicted in figure 4a, a low 
average of max.D values over the theta 
values suggests that high population immunity 
is highly efficient at suppressing antigenic drift 
in general.  Moreover, the highest theta.crit 
value does not exceed 0.4 and most theta.crit 
values are at 0.1 (Figure 4b). The color 
scheme shows the growth of the red color 
from the bottom to the top, which tells that as 
the transmissibility increases, antigenic drifts 
occur more. However, the low average max.D 
value suggests that antigenic drifts are not 
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severe and prevented efficiently when 
immunity level grows on average.  

The results showed that although 
maximum antigenic drift occurs at high theta 
when transmissibility is high, it occurs only 
rarely and for most of the time, high 
population immunity suppresses the average 
antigenic drift at any transmission rate. 
Because high population immunity has ability 
to reduce the occurrences of antigenic drift, it 
usually prevents the spreading of the disease 
in the beginning. This is the reason why big 
epidemics occur rarely.  Since high population  
immunity usually blocks the chance of 
transmission of the disease from the initially 
infected individual, high population immunity 
keeps the transmissibility of the disease low, 
even if the population density is high.  

The relationship of population 
immunity with antigenic drift over the cases of 
outbreaks that have the potential to turn into 
epidemics was examined by the graphs using 
the data set which excluded all the cases 
which had its infected population size of zero 
or lower than 100 people infected (figure 3). 
The peaks of regression lines shift from right 
to left which is from low theta to high theta. 
This tells us that population immunity is high 
before disease spreading occurs. However, 
once the disease reaches epidemic status, 
high immunity becomes ineffective at 
preventing antigenic drifts. Moreover, when 
the transmission rate is high, the 
ineffectiveness of the immunity becomes even 
more severe. Yet, it is noticeable that when 
trans is small, not many dots on the graph are 
present (figure 3) and theta.crit is low (figure 
5b).  

When the data set which excludes 
small outbreaks and no disease spreading 
cases was graphed in the form of theta.crit vs 
trans (figure 5), it showed a big difference 
compared to figure 4; figure 4a had its blue 
color distribution, which represented low 
antigenic drift mainly on the lower right area, 
but Figure 5a contained its blue region mainly 
on the upper left area.  This is a complete 
reversal of the region of distribution. This also 
tells us that population immunity affects 
antigenic drift differently. Figure 5b clearly 
shows that theta.crit increases as 
transmissibility increases and this indicates 

that at high transmissibility, higher immunity is 
less efficient at preventing antigenic drift. 

Although we tried to obtain the most 
realistic contact network model of a given 
population, there were limitations.  Firstly, for 
the population size, 1000 is probably smaller 
than many human populations. However, it 
was chosen as the default in order to 
decrease the running time of the simulations; 
those with larger populations would have 
taken much longer, and often the results are 
not qualitatively different.  Secondly, the one 
significant limitation of the research was that 
our modeling only used one value for α 
(immune escape) in the equation 1. When α is 
large, immune escape is rapid. The parameter 
α is difficult to measure and can vary over a 
wide range of values. Although we could not 
compare the relationship of population 
immunity and transmissibility of the disease 
with antigenic drift over different immune 
escape parameters, we could still obtain the 
general picture of the relationship between 
them.  

From the data we obtained, we could 
conclude two important aspects on preventing 
epidemics. First, we conclude that before 
small outbreaks or epidemics develop, strong 
population immunity is a key factor in 
preventing epidemic development.  In 
addition, strong population immunity prevents 
antigenic drift events by keeping 
transmissibility low. Every year the vaccine for 
the Influenza virus is administered, which 
allows the population to keep a high level of 
population immunity, which is the reason for 
the current rare status of influenza epidemics. 
Yet, even though a population may have a 
high immunity, there is still the possibility that 
the first person to be infected could transmit 
the disease to his contact. In this process, the 
duration the virus occupies its human host 
increases, which can eventually lead to 
antigenic drift events. Not every antigenic drift 
causes epidemic, but as equation 1 shows, as 
antigenic distance increases, final 
transmission rate increases exponentially. 
Once the virus breaks the blockage set by 
population immunity, and has enough time to 
undergo multiple antigenic drift events, the 
initial population immunity, even if strong, 
becomes ineffective in preventing epidemics.  
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The second aspect of our research is that 
when the disease spreading speeds up, 
lowering transmission rates of the disease is 
important in preventing further spread of the 
disease and stopping epidemics. Like figure 
5b shows, high population immunity becomes 
significantly ineffective at preventing antigenic 
drift when transmissibility is high. 
Transmissibility can be lowered by high 
population immunity and it can also be 
lowered by decreasing contacts of the infected 
people and others. Once infected people are 
isolated from the rest of the population, 
transmissibility will stay low. Then, antigenic 
drift will accumulate slowly and will give time 
for the administration of a new vaccine to 
combat the change in the virus. The new 
vaccine can distributed, which would in turn 
increase population immunity, thus preventing 
more epidemics. This study concludes that 
high population immunity is crucial for the 
prevention of epidemics. It does so by 
affecting the transmission of the disease to 
the population, and the accumulation of viral 
antigen mutations due to antigenic drift 
events. However, once the infectious disease 
breaks the blockage offered by high 
population immunity, lowering the 
transmission rate by isolating infected people 
is the first and crucial step at preventing 
further epidemics. In this way, new vaccines 
can be developed based on the right strain of 
the disease which has gone through the most 
antigenic drift so that strong population 
immunity can be established once more. More 
studies of this kind with more developed and 
realistic models will provide us with potential 
solutions to the problems mentioned here.  
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