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My perspective

• In my research, I study the ecology and evolution of 
infectious diseases in non-human hosts
• e.g., Daphnia and Plantago
• In such study systems, we can ask many of the same questions as 

epidemiologists of human diseases, but with more control over our 
study subjects!

• Those of us who study animal and plant diseases learn a lot 
by talking and collaborating with folks who study human 
diseases, and vice versa
• Mathematical models are a common currency
• Interdisciplinary conferences and societies help us connect

• “Crossing the host taxonomic divide” can lead to novel 
insights and innovations
• Borer et al. 2011 Ecohealth
• Discussed in BIOL 4195 Disease Ecology



Overview

Part 1. How many people have been infected, and how many have died?

• Estimating past and current numbers

• What we learn from demographic information

Part 2. Understanding your risk of infection

• Risk varies with space, time, and circumstance

• Mortality, morbidity, and potential for long-term health impacts

Part 3. How bad will this pandemic get, and how can we stop it?

• Predicting epidemic trajectories with models

• Using models to evaluate control scenarios

Part 1 Part 2 Part 3 Summary Resources
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Part 1 Part 2 Part 3 Summary Resources

https://telliamedrevisited.wordpress.com/2020/01/27/quick-and-dirty-estimate-of-number-of-
ncov2019-infections-in-wuhan/

“Quick-and-Dirty Estimate of Number of 
nCoV2019 Infections in Wuhan”

≈1.4 billion people in China 

≈11 million people in Wuhan

11,000,000/1,400,000,000 = 0.8% of Chinese population

≈3 million Chinese travelers to US per year 

3 million x 0.008 = 24,000 travelers from Wuhan/year 

24,000 / 52 weeks ≈ 500 travelers/week

In the past week (late Jan 2020), 5 travelers from Wuhan to 
the US have been found to be infected with nCoV2019

Infection rate of 5/500 = 1% of Wuhan population

11 million x 1% = 110,000 infected people in Wuhan

Blog post by Rich Lenski
January 27, 2020 

https://telliamedrevisited.wordpress.com/2020/01/27/quick-and-dirty-estimate-of-number-of-ncov2019-infections-in-wuhan/
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Perkins et al. 2020 PNAS

• Thousands of infections 
undetected and unreported in 
first few months of 2020

• < 10% of locally acquired, 
symptomatic infections may 
have been detected during the 
month prior to 12 March

Black line shows the median, dark gray shading shows the interquartile range, 
and light gray shading shows the 95% posterior probability interval (PPI)



Part 1 Part 2 Part 3 Summary Resources

How much disease? Positivity, prevalence, 
& incidence
• Test-positivity rate:

positive tests

tests performed

• Point prevalence: 
current cases new and preexisting at a point in time

population at that same point in time

• Incidence: 
new cases in time interval

average population during time interval

• To get a good idea of infection levels in a population, we need to 
test lots of people, frequently, and quickly

• Seroprevalence data can help us estimate past infections 
(e.g., Havers et al. 2020 JAMA Intern Med)

• Need transparency in data collection and reporting methods (e.g., 
from national and local agencies)

https://www.cdc.gov/csels/dsepd/ss1978/lesson3/section2.html
https://www.theatlantic.com/technology/archive/2020/04/us-coronavirus-outbreak-
out-control-test-positivity-rate/610132/

https://www.cdc.gov/coronavirus/2019-
ncov/cases-updates/testing-in-us.html

https://www.cdc.gov/csels/dsepd/ss1978/lesson3/section2.html
https://www.theatlantic.com/technology/archive/2020/04/us-coronavirus-outbreak-out-control-test-positivity-rate/610132/
https://www.cdc.gov/coronavirus/2019-ncov/cases-updates/testing-in-us.html


How deadly is the disease? IFR vs. CFR

• Infection fatality ratio (IFR): estimates proportion 
of deaths among all infected individuals

• Case fatality ratio (CFR): estimates proportion of 
deaths among identified confirmed cases

• Really important distinction!

• Dynamics of these change over time
• Due to lags, under-reporting, and improvements in 

standard of care
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https://www.who.int/news-room/commentaries/detail/estimating-mortality-from-covid-19

https://www.who.int/news-room/commentaries/detail/estimating-mortality-from-covid-19


Racial disparities in impact and 
mortality in the US

Part 1 Part 2 Part 3 Summary Resources

https://www.nytimes.com/interactive/2020/07/05/us/coronavirus-latinos-african-americans-
cdc-data.html
https://cdc.gov/coronavirus/2019-ncov/community/health-equity/race-ethnicity.html

https://covidtracking.com/race

This is explained by systemic racism, 
which affects factors including a person’s 
risk of exposure to the virus at work, 
probability of underlying health 
conditions, access to medical care, and 
treatment by medical providers.

https://www.nytimes.com/interactive/2020/07/05/us/coronavirus-latinos-african-americans-cdc-data.html
https://cdc.gov/coronavirus/2019-ncov/community/health-equity/race-ethnicity.html
https://covidtracking.com/race
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Color-coded risk levels

Harvard Global Health Institute, Harvard's Edmond J. Safra Center for Ethics, 
Rockefeller Foundation, CovidActNow, Covid-Local, CIDRAP
https://globalepidemics.org/key-metrics-for-covid-suppression/

Part 1 Part 2 Part 3 Summary Resources

https://globalepidemics.org/key-metrics-for-covid-suppression/


https://globalepidemics.org/key-metrics-for-covid-suppression/

US map of color-coded risk levels

Part 1 Part 2 Part 3 Summary Resources

https://globalepidemics.org/key-metrics-for-covid-suppression/


https://globalepidemics.org/key-metrics-for-covid-suppression/

St. Louis County is at “Orange”

Part 1 Part 2 Part 3 Summary Resources

https://globalepidemics.org/key-metrics-for-covid-suppression/


https://covid19risk.biosci.gatech.edu/

Saint Louis County, MO
Current Risk Level: 96 %

Estimated chance that ≥ 1 COVID-19 positive person 
will be present at an event of a given size, by county

The COVID-19 Event Risk Assessment Planning Tool is a collaborative project led by Prof. Joshua Weitz and
Prof. Clio Andris at the Georgia Institute of Technology, along with researchers at the Applied Bioinformatics 
Laboratory and Stanford University, and powered by RStudio.

You select the event size 
and ascertainment bias.

Part 1 Part 2 Part 3 Summary Resources

https://covid19risk.biosci.gatech.edu/
https://ecotheory.biosci.gatech.edu/
http://friendlycities.gatech.edu/
https://www.abil.ihrc.com/
https://knight-hennessy.stanford.edu/program/scholars/2019/mallory-harris
https://rstudio.com/
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https://covid19risk.biosci.gatech.edu/ (figure modified slightly for readability on slide)

Estimated chance that ≥ 1 COVID-19 positive person will be at an 
event of given size (x-axis) and current case prevalence (y-axis)

Estimated for Missouri, 2020-08-24

Current reported incidence [CI]

CI x 10
CI x 5

Ascertainment bias:

https://covid19risk.biosci.gatech.edu/


Risk calculation methods
“What is the chance that one person at this event will already be infected with COVID-19? 
To answer this kind of question, we actually calculate the opposite. For example, if we were 
talking about a NFL game, we’d ask what is the chance that none of the 75,000 attendees is 
infected?

Let’s start by thinking about just one of them. If 20,000 of the 330 million people in the 
United States are sick, then each person has a 99.994% chance of being disease-free. In 
betting terms, the odds are 16,500:1 in our favor. While that sounds good from an 
individual perspective, the collective risk is very different.

In this scenario, the probability that all 75,000 attendees would have entered the stadium 
disease-free is like placing 75,000 bets each at nearly certain odds. Sure, you’ll win most of 
the bets. But the probability that you will win every single one of those bets is extremely 
low. To calculate it, we multiply the winning probability (1-1/16500) by itself 75,000 times 
and find that there is approximately a 1% chance that we win every time. In other words, 
the chances that one or more attendees would have arrived infected with SARS-CoV-2 is 
99%.”

Part 1 Part 2 Part 3 Summary Resources

Quoting from: https://covid19risk.biosci.gatech.edu/

1 − 1/16500 75000 = 0.01061

1 − 0.01061 = 0.9894 ≈ 99%

https://covid19risk.biosci.gatech.edu/


But risk of infection is not evenly 
distributed across a county

Part 1 Part 2 Part 3 Summary Resources

https://covid.idmod.org/data/Stochasticity_heterogeneity_transmission_dynamics_S
ARS-CoV-2.pdf

Clusters of cases linked to settings including:
• Prisons
• Meat processing plants
• Health care facilities
• Nursing homes
• Day care centers
• Restaurants
• Bars
• Choir rehearsals
• Social gatherings

https://covid.idmod.org/data/Stochasticity_heterogeneity_transmission_dynamics_SARS-CoV-2.pdf


But risk of infection is not evenly 
distributed across a county

Part 1 Part 2 Part 3 Summary Resources

k < 1 indicates 
super-spreading

Dispersion 
parameter, k

Mean number 
of “offspring” 
cases 
generated by 
cases in each 
age group

About 2% of cases were directly responsible 
for 20% of all infections in this dataset.

See also: https://cmmid.github.io/topics/covid19/overdispersion-from-outbreaksize.html

These are 
counties in 
Georgia

Red points = 
superspreading
events

https://cmmid.github.io/topics/covid19/overdispersion-from-outbreaksize.html


Contact tracing is an important step 
in the test, trace, isolate strategy

Part 1 Part 2 Part 3 Summary Resources

Isolation: separate someone who is infected (either with symptoms or asymptomatic 
but with a positive test)

Quarantine: separate someone who might have been exposed

Who needs to quarantine for 14 days?
People who have been in close contact with someone who has COVID-19

What counts as close contact?
• You were within 6 feet of someone who has COVID-19 for a total of ≥ 15 minutes
• You provided care at home to someone who is sick with COVID-19
• You had direct physical contact with the person (hugged or kissed them)
• You shared eating or drinking utensils
• They sneezed, coughed, or somehow got respiratory droplets on you

https://www.cdc.gov/coronavirus/2019-ncov/if-you-are-sick/isolation.html
https://www.cdc.gov/coronavirus/2019-ncov/if-you-are-sick/quarantine.html

https://www.cdc.gov/coronavirus/2019-ncov/if-you-are-sick/isolation.html
https://www.cdc.gov/coronavirus/2019-ncov/if-you-are-sick/quarantine.html


Contact tracing with phone apps may 
complement manual efforts

Ferretti et al. 2020

Part 1 Part 2 Part 3 Summary Resources



But manual contact tracing is still a 
key component

https://www.propublica.org/article/you-dont-need-invasive-tech-for-successful-contact-tracing-
heres-how-it-works
https://www.technologyreview.com/2020/08/19/1007452/contact-tracing-apps-study/
https://www.coursera.org/learn/covid-19-contact-tracing?edocomorp=covid-19-contact-tracing

Part 1 Part 2 Part 3 Summary Resources

“Automated contact tracing could potentially 
reduce transmission with sufficient population 
uptake. However, concerns regarding privacy
and equity should be considered. Well 
designed prospective studies are needed 
given gaps in evidence of effectiveness, and to 
investigate the integration and relative effects 
of manual and automated systems. Large-scale 
manual contact tracing is therefore still key in 
most contexts.” (Braithwaite et al. 2020 Lancet 
Digital Health)

https://www.propublica.org/article/you-dont-need-invasive-tech-for-successful-contact-tracing-heres-how-it-works
https://www.technologyreview.com/2020/08/19/1007452/contact-tracing-apps-study/
https://www.coursera.org/learn/covid-19-contact-tracing?edocomorp=covid-19-contact-tracing


https://www.who.int/brunei/news/infographics---english
*also: https://www.nytimes.com/2020/08/08/science/coronavirus-spread-air-conditioning.html

Recall other practical advice in the 
lecture by Jose Jimenez*
• Do wash your hands frequently, 

even though surfaces are thought 
to play a relatively minor role in 
transmission

• Do wear a mask that fits properly, 
and keep it on while talking

• Avoid standing behind someone 
who is wearing a loose mask

Part 1 Part 2 Part 3 Summary Resources

Reduce your risk of infection

https://www.who.int/brunei/news/infographics---english
https://www.nytimes.com/2020/08/08/science/coronavirus-spread-air-conditioning.html
https://www.youtube.com/watch?v=EiLJwN3H9NA&feature=youtu.be
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Models of infectious disease

• There are different types of models
• Used for prediction or understanding

• A model is only as good as its assumptions
• “garbage in, garbage out”

• “All models are wrong but some are useful” 
- George Box, 1976

• Useful for evaluating disease control 
scenarios

Part 1 Part 2 Part 3 Summary Resources



What makes a good mathematical 
model?

• Depends on the purpose of the model, and what 
information is available

• Accuracy: ability to reproduce observed data and 
reliably predict future dynamics

• Transparency: being able to understand how the 
various model components influence the dynamics 
and interact

• Flexibility: the ease with which the model can be 
adapted to new situations

Keeling & Rohani 2008, pp. 7-10

Part 1 Part 2 Part 3 Summary Resources



Parameters and variables

Parameter
• Used to connect variables in an 

equation

• Typically a fixed value within a 
given equation

Variable
• Changes with respect to another 

entity in a given system

• Typically the input or output of a 
model

Y = aX + b

Y = “dependent variable” or “response variable”
X = “independent variable” or “explanatory variable”
a = slope (coefficient of relationship between X and Y)
b = intercept; value of Y when X=0)
If this were a statistical model (linear regression equation), our aim would 
be to estimate the parameters a and b that best describe the relationship 
between X and Y.

Part 1 Part 2 Part 3 Summary Resources



S-I-R “compartment” model

• S = number of susceptible individuals

• I = number of infected individuals

• R = number of “removed” individuals 
(can be recovered & now immune, or dead)

• N = total population size = S + I + R

Part 1 Part 2 Part 3 Summary Resources



S-I-R model
𝛽 = transmission rate γ = recovery rate

Part 1 Part 2 Part 3 Summary Resources



Under what conditions can disease spread?

R0 (pronounced “R naught”) is a pathogen’s 

“basic reproduction number” 

• Interpretation: the average number of new 

infections caused by a single infective person

• Assumptions: the entire population is 

susceptible, well-mixed, and not taking any 

precautions to prevent disease spread (like at 

the beginning of an epidemic of a new disease; 

think early 2020 in the USA)

Once an epidemic has started, we calculate R 

(the “effective reproduction number”), which 

accounts for the proportion of the population 

that is immune (difficult to estimate in reality!)

Part 1 Part 2 Part 3 Summary Resources

Disease can spread if:

𝑑𝐼

𝑑𝑡
> 0

𝑑𝐼

𝑑𝑡
= 𝛽𝑆𝐼 − γ𝐼 > 0

𝛽𝑆𝐼 > γ𝐼

𝛽𝑆 > γ

𝑹𝟎 =
𝜷𝑺

𝜸
> 𝟏

In other words:  the number of infected 

hosts will increase through time if 𝑅0 > 1.

See also: https://www.theatlantic.com/science/archive/2020/01/how-fast-and-far-will-new-coronavirus-spread/605632/
and https://www.wsj.com/articles/the-numerical-language-of-covid-19-a-primer-11589535004

https://www.theatlantic.com/science/archive/2020/01/how-fast-and-far-will-new-coronavirus-spread/605632/
https://www.wsj.com/articles/the-numerical-language-of-covid-19-a-primer-11589535004


Disease control strategies can be 
tested out in models
For diseases like COVID-19:
• Vaccination

• Social distancing and quarantine

• Behaviors that reduce transmission (e.g., by limiting opportunities 
for superspreading: Kain et al. 2020 medRxiv)

For other types of infectious diseases:
• Medications that reduce duration of infectivity

• Culling (of non-human hosts)

• Vector control (for vector-transmitted diseases like malaria)

Links to interactive modules provided at end of slides

Part 1 Part 2 Part 3 Summary Resources



Summary

• Epidemiological literacy is critically important at this time, 
for the general public and for decision makers at all levels 

• Data inform action, which determines the course of the 
pandemic

• Understand the risk of different situations
• The risk to you, and the risk you pose to others 
• Best to act as if you and others are infectious, even if asymptomatic

• Understand the racial disparities of this pandemic

• There are many online dashboards for viewing COVID 
statistics at different spatial scales, and apps for exploring 
models of epidemic trajectories and control strategies
• Try them out! Think critically about assumptions being made 

Part 1 Part 2 Part 3 Summary Resources
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https://doi.org/10.1007/s10393-011-0718-6
https://doi.org/10.1016/S2589-7500(20)30184-9
https://doi.org/10.1126/science.abb6936
https://doi:10.1001/jamainternmed.2020.4130
https://www.medrxiv.org/content/10.1101/2020.06.30.20143115v1
https://www.medrxiv.org/content/10.1101/2020.06.20.20130476v3.full.pdf
https://doi.org/10.1073/pnas.2005476117


COVID-19 dashboards of statistics

Local (Missouri)

• St. Louis City https://www.stlouis-mo.gov/covid-19/data/

• St. Louis County https://stlcorona.com/resources/covid-19-statistics1/

• St. Louis University: Tracking COVID-19 in Missouri https://slu-opengis.github.io/covid_daily_viz/

National (USA)

• Georgia Tech: COVID-19 Event Risk Assessment Planning Tool https://covid19risk.biosci.gatech.edu/

• CDC: COVID Data Tracker https://www.cdc.gov/covid-data-tracker/index.html#cases

• The Atlantic: COVID Racial Data Tracker https://covidtracking.com/race/dashboard

Global (but also searchable by US state)

• Harvard: COVID Risk Levels Dashboard https://globalepidemics.org/key-metrics-for-covid-suppression/

• Johns Hopkins: Coronavirus Resource Center https://coronavirus.jhu.edu/map.html

• University of Washington: Novel Coronavirus (COVID-19) Infection Map https://hgis.uw.edu/virus/

• New York Times: https://www.nytimes.com/interactive/2020/world/coronavirus-maps.html

• Youyang Gu (independent data scientist): COVID-19 Projections Using Machine Learning 
https://covid19-projections.com/
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https://www.stlouis-mo.gov/covid-19/data/
https://stlcorona.com/resources/covid-19-statistics1/
https://slu-opengis.github.io/covid_daily_viz/
https://covid19risk.biosci.gatech.edu/
https://www.cdc.gov/covid-data-tracker/index.html#cases
https://covidtracking.com/race/dashboard
https://globalepidemics.org/key-metrics-for-covid-suppression/
https://coronavirus.jhu.edu/map.html
https://hgis.uw.edu/virus/
https://www.nytimes.com/interactive/2020/world/coronavirus-maps.html
https://covid19-projections.com/


Mathematical modelling of COVID-19

• https://www.cdc.gov/coronavirus/2019-
ncov/covid-data/mathematical-modeling.html

• https://covid-measures.stanford.edu/

• https://andreashandel.github.io/IDEMAbook/

• https://www.wsj.com/articles/the-numerical-
language-of-covid-19-a-primer-11589535004

• Email me if you want additional suggestions
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https://www.cdc.gov/coronavirus/2019-ncov/covid-data/mathematical-modeling.html
https://covid-measures.stanford.edu/
https://andreashandel.github.io/IDEMAbook/
https://www.wsj.com/articles/the-numerical-language-of-covid-19-a-primer-11589535004

