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Abstract

The SIR model uses population the “susceptible,” “infected,” and “recovering” com-

partments to describe the spread of infectious disease throughout an entire popula-

tion. In this paper we apply the SIR model to the 2012 seasonal strain of influenza

as well as pop culture trends. We first explore the dynamics of SIR parameters to

gain a deeper understanding of SIR models within the well-studied area of seasonal

influenza. Then we apply similar techniques to measure pop culture trends with the

Google NGram Viewer. The trend on which we focus our models is the recent surface

of the popular horror staple-zombies. We carefully determine three different models

that forecast the future of zombie pop culture according to literary frequency. The

most likely model predicts a peak in the zombie craze near the year 2038.
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Chapter 1

Introduction

Theoretical papers by W. O. Kermack and A.G. McKendrick in the early 1900’s dras-

tically influenced the development of mathematical models that describe the spread

of infectious diseases through a population. The Kermack-McKendrick model, more

commonly called the SIR model, used population dynamics to determine the spread

of infection over a geographic area during a fixed amount of time [11].

The SIR model depicts the spread of disease by creating three classes into which

the associated population individuals are placed:

S: Susceptible, or individuals that are now healthy and can be infected

I: Infected, or the individuals who have contracted and are able to transmit the

disease

R: Removed, or individuals who are now immune because they have contracted

the disease, recovered, and now have immunity to the disease or strain

The model can be generalized into two basic forms: in one the total population is

approximately constant and in the other the population is affected by mortality and

birth rates under the control of the infectious disease in question [11]. For the sake

of simplicity, the model we will use is going to assume a fixed population.
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In this paper we apply the SIR model to influenza as well as pop culture trends.

We first explore the dynamics of SIR parameters with the 2012 seasonal flu. The

World Health Organization provides data on diseases like seasonal influenza that are

readily available to the public [9]. Using the SIR model and Euler’s method we are

able to compare a model trajectory to the realtime data. We compare the “infected”

compartment with the actual data in order to adjust parameters, such as transmission

and recovery rate, involved with the SIR model.

Next, we develop one method of measuring pop culture trends with the Google

Ngram Viewer1and model them after the SIR model numerically. The Ngram Viewer

provides realtime data that can be compared to an infection curve in much the same

way that we compare the SIR model to realtime influenza data from the WHO. We

then adjust parameters of the SIR in order to get a best fit model.

1http://books.google.com/ngrams
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Chapter 2

The SIR Model and Influenza

2.1 Introduction

In this chapter we describe the SIR model in detail and through an example, we show

how it can be used to model the spread of influenza, a common infectious disease.

We maintain the assumption of a fixed population fairly based on an understanding

that the number of seasonal influenza-related deaths is small [9]. Ignoring population

movement, we are interested in the number of infected individuals during the epidemic

as well as the number of individuals that have developed immunity.

2.2 The SIR Model As a System of Differential

Equations

First we will identify the dependent variables of the system. All three classes of

individuals are contained in the first set of dependent variables that tabulates the

number of people in each category as a function of time:

S = S(t), total number of susceptible individuals
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I = I(t), total number of infected individuals

R = R(t), total number of recovered/immune individuals

We can manipulate this set of variables into a second set of dependent variables

that lists the fraction of total population N in the three categories:

s = S(t)
N

, susceptible population fraction

i = I(t)
N
, infected population fraction

r = R(t)
N

, recovered/immune population fraction

Both sets of dependent variables will give us the same information, but the pop-

ulation fractions will be used mainly for their ease in computing purposes. Since we

have assumed a fixed population, we are going to operate under the constraint that

s(t) + i(t) + r(t) = 1. Assuming a fixed population also implies that no new individ-

uals are added into the susceptible population and the only way to be removed from

the susceptible population is to become infected, which happens at the infection rate

b where ds
dt

= −bs(t). We define the rate of infection, b, as a transmission parameter

that includes a contact rate β and the probability that contact leads to infection and

transmission [2]. Now β becomes the constant of proportionality since b is directly

proportional to the number of infected individuals. We model the rate of change from

the susceptible population to the infected population by:

ds

dt
= −βs(t)i(t) (2.1)

The assumption behind (2.1) relies on the susceptibles becoming infected at a rate

that is proportional to the number of contacts between the individuals of S and

I under uniform mixing [10]. The assumption of uniform mixing could be a gross

oversimplification, but the data we will be using suggests that complicating the model

with nonuniform mixing isn’t entirely necessary. Individuals gaining immunity will
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only come from the infected state at a rate γ which is the rate of recovery:

dr

dt
= γi(t) (2.2)

Since individuals recover at a constant rate we know that the average duration of

infectiousness is purely the reciprocal of the rate or 1/γ [2]. Lastly, the rate of move-

ment from the infected category is the input from the susceptible fraction together

with the output to the recovered fraction:

di

dt
= βs(t)i(t) − γi(t) (2.3)

The basis for (2.3) is that individuals become unable to transmit the disease at a rate

proportional to the number of already infected individuals. This can be represented as

some average of the disease process where particular individuals take different lengths

of time to reach a state in which they neither contract nor spread the infection [10].

2.3 A Specific Model

We now only need to specify our initial conditions to have a complete system. If we

arbitrarily have a small community of 10,010 people, we may say that 10 of them are

initially infected while none are yet recovered, leaving us with 10,000 actual suscep-

tible individuals. When we scale these values by dividing by our total population of

10,010 we are left with:

s(0) = 10,000
10,010

, initial susceptible population fraction

i(0) = 10
10,010

, initial infected population fraction

r(0) = 0, initial recovered population fraction

The behaviors of this model are controlled by the parameters β and γ. These
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parameters are derived from a fundamental element of all diseases called the basic

reproductive number or R0. The basic reproductive number describes the average

number of secondary infections that result from an infected individual over the course

of their infection [2]. In fact, since R0 depends on the duration of the infectious period,

the probability of infecting a susceptible individual, and the number of new susceptible

individuals contacted, it is not only extremely variable for different infectious diseases,

but also for the same disease in different populations [3]. Values for R0 are usually

estimated by fitting a model to a given set of data. For this model, R0 = β
γ

[2]. Once

we know the basic reproductive number and the average duration of infection, we

have all of the necessary initial conditions of the system.

2.4 Euler’s Method in Solving the SIR Model for

Influenza

To solve the system of equations from Section 2.2, we are able to utilize Euler’s

method to discretize the system into a discrete dynamical time series. For example,

the infected population changes with respect to time as described in Equation 2.3.

We discretize the equation by adding the previous value of the system to the function

multiplied by some timestep, ∆t, as seen in Equation 2.4.

in+1 = in + ∆t(βsnin − γin) (2.4)

After applying Euler’s method to all three categories of the population with ∆t = 0.03

the SIR model shows the susceptible, infected and recovered population trajectories

as seen in Figure 2.1 with differential equations shown in Equation 2.5. There is no

significance to any of the population or parameter values in Equation 2.5 as it is only
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an example to clearly show the relationship between compartments of the model. In

particular we see that the peak of infected individuals shows a turning point in the

susceptible and recovered populations.

Figure 2.1: An example of the relationship between susceptible individuals and in-

fected individuals which depends directly on the infected population. The step size

for this plot is ∆t = 0.03.

ds

dt
= −4.0s(t)i(t)

dr

dt
= 0.55i(t)

di

dt
= 4.0s(t)i(t) − 0.55i(t)

s0 = 0.999

r0 = 0

i0 = 0.001.

(2.5)

In order to verify convergence with our chosen step size, we need to make sure
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that slightly changing the step size doesn’t heavily influence the system behavior.

Figure 2.2 shows the same system with ∆t = 0.02.

Figure 2.2: The same example of the relationship between susceptible individuals

and infected individuals with a step size of ∆t = 0.02. This step size is less than

Figure 2.1, with no drastic change between the two plots.

Since both Figure 2.1 and Figure 2.2 are essentially the same plot we know that a

step size of ∆t = 0.03 is small enough that ∆t doesn’t directly influence the behavior

of the system.

Using the right initial and parameter values, this simplified model can actually

come close to producing values that match data of real infections. The WHO provides

seasonal influenza case data through the Global Influenza Surveillance and Response

System (GISRS) [9]. The GISRS collects a few thousand samples each week and

tests them for any number of Influenza viruses. The samples are collected randomly

as much as possible. We can assimilate this data into an SIR model by using the

number of positive tests divided by the number of total samples for each week. This
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gives us a population proportion that we can model with the SIR model.

The R0 for influenza has been previously determined to lie between 0.9 and 2.1

from an empirically best fit model of a set of similar models [2]. Also, the Center

for Disease Control (CDC) lists the typical duration of infectiousness for seasonal

influenza as varying from less than than 24 hours to one week which implies that γ

can be anywhere from 1
7

to 1 [12]. If we assume the population to be the average

of all the sample sizes drawn in the weeks of 2012, the SIR model is best fitted to

the GISRS data by a sum of squares reduction when β is close to 0.57 and γ is near

.19, as seen in blue in Figure 2.3 while the actual values are in red. The system of

differential equations with these parameter values is shown in Equation 2.6.

Figure 2.3: The World Health Organization 2012 Influenza population proportion

data is seen in red while the SIR prediction from this study is the curve shown in

blue.
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ds

dt
= −0.57s(t)i(t)

dr

dt
= 0.19i(t)

di

dt
= 0.57s(t)i(t) − 0.19i(t)

s0 = 0.966

r0 = 0

i0 = 0.033

(2.6)

These parameter values yield a basic reproductive number of R0 = 3, which is higher

than expected for influenza type diseases. However, we can expect some deviation

from the expectedR0 because this is a very simplified model. In addition, the difficulty

in estimating parameters with a low R0, like influenza, is much higher than with

diseases having a larger R0 [2]. This model fits the first wave of infection very well,

but it entirely misses the second “peak” seen around 30 weeks in Figure 2.4. We

might capture the later peak if we assume an initial recovered population that is

perfectly plausible for a seasonal virus. Perhaps the assumption of an initial recovered

population of 0 is too simple. When we fix β at 1.1 and adjust γ near 0.08 we simply

add in a recovered/immune population minimizing the sum of the squares of the

residuals. Figure 2.4 shows a new infection prediction under the assumption of an

initial recovered population at 47% of the total population. This estimate lies within

reason as the CDC reports the Vaccine Efficiency (VE) for 2012-2013 to be around

47% for flu A (H3N2) and 67% for flu B2 [13].

2flu A 47%(95% CI: 35% to 58%) and flu B 67% (95% CI: 51% to 78%)
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Figure 2.4: The World Health Organization 2012 Influenza population proportion

data is seen in red while the SIR prediction from this study is the curve shown in

blue. This model assumes an initial recovered population proportion of 0.47.

ds

dt
= −1.1s(t)i(t)

dr

dt
= 0.08i(t)

di

dt
= 1.1s(t)i(t) − 0.08i(t)

s0 = 0.497

r0 = 0.47

i0 = 0.033

(2.7)

The R0 for this model is 15.7, which may seem wildly different from the expected

value, but R0 also varies with time and an initial recovered population would imply

that R0 was not actually an initial condition, but rather an older reproductive num-

ber [2]. This second model doesn’t fit the first wave as well, but the end behavior

of the virus might be better predicted in assuming an initial recovered population
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greater than 0. Although the model predictions and the actual data are not a perfect

match, we can infer characteristics of the 2012 flu season from the model predictions.

We can see when the number of infections is expected to reach a maximum as well

as the expected rate that the flu will dissipate over time. However, we have demon-

strated that there are a number of variable changes specific to this data that may

change the way the model behaves. This study does not explore the method of attain-

ing multiple peaks with the SIR model, but such an advent is completely possible.

Armed with the understanding that no model is perfect, the SIR is an exemplary

method for understanding important features of diseases such as the seasonal flu.
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Chapter 3

Popular Culture Applications of

SIR

What happens if we try to model popular culture trends as infectious diseases? Is it

the case that anyone, from light to liberal exposure, eventually contracts some form

of a pop culture craze? First, we need some sort of measure of what is popular and to

what extent. Then we may need to compare and contrast other trends to get a grasp

on what some of the parameter values might be. Finally, we can make the necessary

assumptions to run an SIR model and infer future behaviors from the current data.

Specifically, we will explore the recent surge in the field of zombie lore. Most people

have been exposed to the zombie craze and this study aims to predict just how long

that craze might last.

3.1 The NGram Viewer

In 2009 Google generated the first Google Books NGram Viewer as a way to graph

phrases that have occurred in a corpus of books [7]. A one word phrase is referred
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to as a 1-gram or unigram while a two word phrase is a 2-gram or bigram and so on.

The chosen n-gram is graphed as a percentage value against all other phrases of the

same n-gram category. As more books are digitized the accuracy only improves. The

number of books published in more modern years doesn’t skew results of an n-gram’s

percentage since the viewer is normalized by the number of books published each

year.

For a start, we might compare words popular to a certain time period in contrast

to the word “zombie” in order to ascertain how a word escapes popularity. We have

chosen a word common to the 1920’s, the “jitney” [14], as well as a word common to

the 1970’s, “groovy” [6], to make sure we have distinctly different eras of culture.

(a) Jitney (b) Groovy (c) Zombie

Figure 3.1: Comparing three words that might have the same fade from popularity

trending can give us insight into parameter values.

“Jitney” made its first appearance in 1903 when it was another name for a nickel.

Later on towards 1920 it was used for a small bus or taxi that carried several passen-

gers over a scheduled route for a nickel [8]. Peter Pan Bus Lines actually started their

company with the jitney pictured in Figure 3.1(a) [16]. As for “groovy,” the word
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was originally based on the way a phonograph needle follows the grooves of a record

or more commonly “in the groove” [4]. It became popular in the 1960’s and 1970’s

as an expression for anything good, marvelous, excellent or hip [8]. Lastly, “zombie”

has origins stemming from Haitian voodoo folklore and has today become a “staple

of horror” [15].

The NGram comparison of all three terms seen in Figure 3.2 shows at least two

terms that have grown and faded in literary history. The jitney curve shown with

diamonds looks suspiciously similar to the infection curves of the previous SIR models

and the “groovy” curve shown in squares displays some other behavior.

Figure 3.2: The Google unigrams “jitney,” “groovy,” and “zombie” charted as popula-

tion percentages each year since 1903. The words “jitney” and “groovy” are examples

of era specific language that is not common today.

Before we can estimate model parameters we need to make a few important as-
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sumptions. Since these curves are based off of frequencies in literature it would be

extremely unlikely that any word would ever reach a 100% frequency. In other words,

we assume that no book that reads “jitney, jitney, jitney...” will be published. To ad-

dress this problem we make another important assumption. According to Wikipedia,

the most commonly occurring noun is “time.” We assume that the maximum per-

centage any of the three samples can reach is near the percentage of “time” which

has remained constantly around 0.12% of all unigrams [7].

3.2 The Jitney Infection

The hard part about parameters with the SIR model seems to be specifying initial

conditions. If we had tried to make an SIR model using the 0.12% population param-

eter stated in Section 3.1, the model simply doesn’t work. Instead we have to look

at when the NGram peaks and estimate a population somewhere slightly above the

peak. An initial susceptible population around 0.00008% of all NGrams seemed to

give the closest fit for “jitney”. Then, reducing the sum of the squared errors between

our model and the NGram data, the other parameters came to be β = 10, 500 and

γ = 0.07. The infection data and infection curve are shown in Figure 3.3. The system

of differential equations is given in Equation 3.1
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Figure 3.3: The Google unigram “jitney” fit to an SIR model at t0 = 1903 with

an initial population of 8.00 ∗ 10−5 % of NGrams susceptible, 2.05 ∗ 10−8 % initially

infected, β = 9000 and γ = 0.06.

ds

dt
= −9000s(t)i(t)

dr

dt
= 0.06i(t)

di

dt
= 9000s(t)i(t) − 0.06i(t)

s0 = 8.00 ∗ 10−5 %

r0 = 0%

i0 = 2.05 ∗ 10−8 %

(3.1)

Of course the model is not perfect, but the similarities are rather impressive. The

model peaks in the right year and declines at nearly the same rate. The parameters

suggest that the literary recovery rate appears to be nearly 8 years and the trans-

mission parameter is extremely high. The only striking difference between the actual

data and the predicted curve is that the SIR model predicts a total extinction of the
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word when, quite clearly, “jitney” still makes an appearance in literature toward the

later years.

3.3 The Groovy Epidemic

Using the same approach as the “jitney” NGram we can model the “groovy” NGram

against an SIR prediction. We simply must set an initial susceptible population

near the peak occurrence of the unigram and fit our other parameters around this

assumption. An initial susceptible population estimate around 3 ∗ 10−5 % yields a

best fit model when β = 17, 500 and γ = 0.05 as seen in Figure 3.4. The system of

equations for this model is seen in Equation 3.2.

Figure 3.4: The Google unigram groovy fit to an SIR model at t0 = 1957 with an

initial population of 3.00 ∗ 10−5 % of NGrams susceptible, 2.28 ∗ 10−7 % initially

infected, β = 17, 500 and γ = 0.05.
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ds

dt
= −17500s(t)i(t)

dr

dt
= 0.05i(t)

di

dt
= 17500s(t)i(t) − 0.05i(t)

s0 = 3.00 ∗ 10−5 %

r0 = 0%

i0 = 2.28 ∗ 10−7 %

(3.2)

We see something in this model that we haven’t seen before. Notice the dual

peaked behavior of the NGram data. This behavior is common to an infectious

disease that exhibits seasonal or endemic behavior. In dealing with infectious diseases

the seasonality usually depends on survival of the pathogen outside of the host, host

behaviors, host immune functions and abundance of vectors and non-human hosts [5].

This can vary over the course of several years and a long term prediction may be

difficult to make. Also, in an endemic state, a disease might die off with a generation

and remain latent until it has a new series of hosts to infect. It seems that “groovy”

could make a giant comeback if the right conditions allow for a groovy season or

generation. For now, we can use this phenomena to make an inference that some

language may entirely fade, like “jitney,” and some terms may exhibit seasonal or

endemic behavior in which a long term model may be difficult to assert.

3.4 The Zombie Fever

3.4.1 A Starter Model

The “zombie” NGram poses a little more of a challenge simply because it is a newly

popular term with fewer data points than the other cases we have studied. However,
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we can take three different approaches to predicting the future frequency of “zombie”

in literature. First, we can use the same methodology as the “jitney” and “groovy”

NGrams. The peak on which we will estimate the susceptible population will have

to be the last known maximum. With an estimated susceptible population around

8 ∗ 10−5 % the best fit parameters are β = 1500 and γ = 0.002. The system of

differential equations is given in Equation 3.3.

Figure 3.5: The Google unigram “zombie” fit to an SIR model with an initial popula-

tion of 8.00∗10−5 % of NGrams susceptible, 5.35∗10−7 % initially infected, β = 1500

and γ = 0.002.
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ds

dt
= −1500s(t)i(t)

dr

dt
= 0.002i(t)

di

dt
= 1500s(t)i(t) − 0.002i(t)

s0 = 8.00 ∗ 10−5 %

r0 = 0%

i0 = 5.35 ∗ 10−7 %

(3.3)

The obvious problem with this model is that it begins to gradually peak in 2008,

while we know that zombie pop culture has exploded in 2011 and 2012 [1]. Even so,

notice how much longer the recovery time is, 500 years, in comparison to the double

digit figures for “jitney” and “groovy.”

3.4.2 Worst Case Model

In a second model, we might make the assumption that the zombie craze rivals for

the most popular noun at 0.12% of all unigrams. The system of differential equations

for this model is seen in Equation 3.4. We see an infectious period similar to “jitney”

and “groovy” at γ = 0.01. The change in β is dramatic with β = 0.6 as a best fit

seen in Figure 3.6.
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(a) The first 50 years of graph (b)

(b) Infection curve extended for long term behavior

Figure 3.6: Assuming “zombie” was predicted to reach the highest frequency value

of .12% the SIR model best fits at β = 0.6 when γ = 0.01 seen in part 3.6(a) up until

2008. The long term prediction for this model is seen in part 3.6(b).
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ds

dt
= −0.6s(t)i(t)

dr

dt
= 0.01i(t)

di

dt
= 0.6s(t)i(t) − 0.01i(t)

s0 = 0.1199995%

r0 = 0%

i0 = 5.35 ∗ 10−7 %

(3.4)

This would probably be more of a worst case model than a realistic one. With β

being so much lower than any other linguistic infection model, we should be cautious

in accepting the accuracy of this case. Also, the predicted curve doesn’t fit nearly as

well as the curve in Figure 3.5 according to the least sum of squared errors reduction.

This case pushes the highest NGram frequency out over 140 years from present date.

As we saw with the “jitney” and “groovy” trends, that lasted a maximum of about 30

years, simply peaking in 140 years seems unlikely. Since this peak is far longer than

the average lifespan we would expect the recovered population to be fully replaced

with new susceptibles. Perhaps “zombie” won’t be taking over the literary world in

a worst case sense but more of an endemic sense.

3.4.3 Most Likely Model

The final model may only show the first local maximum of a trend to last for years

into the future. We will assume an initial susceptible population higher than the

first “zombie” model but much lower than the second. Since we can’t truly know

the frequency at which the term peaks we can estimate and update as more data

becomes available. Using the NGrams for other horror staples like “vampire” and

“Frankenstein” we estimate a peaking frequency and susceptible population propor-
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tion at 0.0003% of all unigrams. Using a γ value of 0.019 we estimate β = 320 seen

in Figure 3.7 with the system of differential equations seen in Equation 3.5.

ds

dt
= −320s(t)i(t)

dr

dt
= 0.019i(t)

di

dt
= 320s(t)i(t) − 0.019i(t)

s0 = 0.0003%

r0 = 0%

i0 = 5.35 ∗ 10−7 %

(3.5)

This model seems to be a better estimate of the actual peak, around the year 2038

from Figure 3.7(b), as well as the time it takes to get there. We know that the term

takes a sharp incline following the last actual data point given in 2008 and this SIR

prediction gives us what seen in Figure 3.7(a). However, if the true behavior turned

out to be endemic, we might expect a faster decline in popularity followed by another

incline, but still along the same general trend as Figure 3.7(b) shows.
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(a) Curve fit in the first 40 years

(b) Curve fit extended for long term behavior

Figure 3.7: Assuming “zombie” attains as much popularity as figures like “vampire
and “Frankenstein” at 0.0003% of all unigrams, the SIR model best fits at β = 320
when γ = 0.019 seen in part 3.7(a) in the first 40 years. The long term prediction for
this model is seen in part 3.7(b).
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Chapter 4

Conclusions and Future Work

The SIR model has proven to be an insightful tool in epidemiology. We can use

empirically determined initial reproductive numbers to make parameter estimates

that are useful in predicting long term behavior of certain diseases. Even the simplest

form of the SIR model can give us general trending patterns with real time data like

the seasonal flu statistics described in Section 2.4.

We were also able to use Euler’s method to discretize the SIR into a discrete

dynamical system. Discretizing the system allowed for a method to fit actual data

with the model using a sum of squared errors reduction. We took this methodology

and applied it to popular culture in Chapter 3 through use of the Google NGram

Viewer. Two words we chose to model, “jitney” and “groovy,” provided insights such

as seasonality and general parameter estimates into modeling the recent pop culture

zombie epidemic.

The zombie fever model took on three general approaches in Section 3.4. First, the

starter model used the same methodology as the first two unigram models for “jitney”

and “groovy.” This model was a good fit, but likely peaked too early and at too low

of a frequency. Second, the worst case model assumed a total “zombie” takeover,
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rivaling “time” for the most frequently appearing noun unigram. This model was

weak in both its parameter estimates and curve fit. Finally, the most likely model

assumes a final frequency close to the population proportion reached by common

horror elements like “vampires” and “Frankenstein.” This model could be turned into

a model affected by seasonality causing a sinusoidal distribution, like the “groovy”

unigram. Even if the true model is sinusoidal, the peak will likely remain in the same

year, and this era’s “zombie” fever will only last into about the year 2038.

Future work for modeling popular culture trends with the SIR model is broad.

First, we might explore other methods in measuring popular trends. Using literature

in conjunction with movies would be a good measure as well as the inclusion of social

media like Twitter and Facebook. These sources would provide up to date information

as well as a more extensive measure on the popularity of trending items. Once we

have more data, we may also need to explore SIR models with more than three

compartments. Adding compartments, such as removed or re-susceptible, could better

help to capture different behaviors than simply a single peak followed by decline.

All of these models provide insight into the possible future behaviors of the current

zombie craze. Since our most likely model suggests an endemic behavior, we simply

need more data. Until more data becomes available we can only make assumptions

and work from assumptions to provide a viable model.
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