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The COVID-19 crisis has caused colossal damage on a global scale over the past two years.
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That aged well.

"I think there's a lot of media attention, but the threat of widespread circulation [of COVID] is very low."

Me, 25 January 2020
“



Motivation
COVID-19 has generated unprecedented public interest in health data. Social media is full of models,
visualisations and opinions on how the pandemic is progressing, but there are a lot of caveats on the data, as
well as di�culties joining everything together.

For example,

 What does it mean that a case is reported?

 How many cases are being detected in the community?

 When someone is in hospital, are they receiving COVID-related treatments?

Throughout 2020 and continuing today, I have been providing modelling based advice to state and
Commonwealth governments relating to COVID-19. In the next two lectures, we'll look at two frequent
questions:

 When will the peak be?

 How varied in space is the ability to control virus spread?
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Today we will...

 Look at public sources of COVID-19 case data

 Think about models of disease transmission and progression

 Carefully interpret data to consider when a 'peak' may have occurred.

5/38



Some case data
The Victorian Department of Health publishes a dataset of COVID-19 PCR-con�rmed cases by LGA,
downloadable from here.

We will use a version of this dataset from January 28th.

Reminder:
In an observational study, inferences are drawn about a population from a sample where independent
variables are not intentionally allocated to units within the sample for the purpose of a study.

In an experimental study, a causal variable of interest (referred to as treatment) is administered to recipients
while holding other covariates at controlled settings to observe responses.

Is this dataset observational or experimental?
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https://www.coronavirus.vic.gov.au/victorian-coronavirus-covid-19-data


Some case data

library(tidyverse)
library(lubridate)
covid19_by_lga <- read_csv(here::here("data/COVID_Cases_by_LGA.csv")) %>%
  mutate(diagnosis_date = ymd(diagnosis_date))
glimpse(covid19_by_lga)

## Rows: 557,392
## Columns: 2
## $ diagnosis_date      <date> 2020-03-11, 2020-03-08, 2020-03-09, 2020-08-01, 
## $ Localgovernmentarea <chr> "Greater Geelong (C)", "Mornington Peninsula (S)"

What do you notice about the structure of the dataset?
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Some case data
The dataset is very long, but with only two columns:

 diagnosis_date: The date on which a case is diagnosed and,

 Localgovernmentarea: The local government area of a single case.

It seems as though this is a line list of cases, where the only �elds are the date of diagnosis and the location.

Is this how you would store this sort of data?

What might be some reasons to store the data in this way?
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Some sanity checking
These datasets are updated daily, and so it is always worth some basic sanity checking. The Vic Health
website lists the total number of cases noti�ed to date.

covid19_by_lga %>%
  nrow()

## [1] 557392
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We can group it together into a time series of cases

covid19_by_lga %>%
  group_by(diagnosis_date) %>%
  summarise(n = n()) %>%
  ggplot(aes(x=diagnosis_date, y=n)) + 
  geom_line() +
  labs(x="Diagnosis Date", y="Notified cases") +
  theme_bw()
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Now we know what the data is...
We can think about what the data means.

Almost all COVID-19 case numbers are reported by date of diagnosis, which is when a public health unit
receives noti�cation that an individual is positive.

There are a lot of steps between a person being infected and a received noti�cation:

 Contact with another infected person

 Development of symptoms (incubation period)

 Seeking of a test

 Processing of a test

On average, how far back in time was a persons infection when
the noti�cation is received?
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Delays from infection
The incubation period is the time between inoculation (virus entering the body) and symptoms developing.
Lauer et. al provide an estimate of this distribution that has been widely used, with a mean of 5.1 days.

Lauer SA, Grantz KH, Bi Q, et al. The Incubation Period of Coronavirus Disease 2019 (COVID-19) From Publicly
Reported Con�rmed Cases: Estimation and Application. Ann Intern Med. 2020;172(9):577-582. doi:10.7326/M20-
0504 12/38



Delays from infection
We hope that individuals seek a test quickly, and if the system is working well, tests are processed in 24
hours.

This together with the 5 days for symptoms to develop means that noti�ed cases show us infections from
almost a week prior 😱.

Not considering this delay can have a big impact on whether we deem a lockdown successful or not. Victoria
had 6 since the start of 2020. Let's add them to the plot of case numbers and see where they occurred.
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The timing of lockdowns
It is hard to argue lockdowns could've been brought in much faster. However, cases keep climbing even after
the lockdown has been in place for some time. To see why cases persist, it may be easier to look at cases by
date of infection.

Unfortunately we only have data by date of noti�cation, so we will have to estimate the date of infection
using a few distributions. Lauer et. al gets us the incubation period, which is a log-normal with:

 logmean=1.621 and

 logsd=0.418.

We can see what this looks like:

day <- seq(0, 10, by=0.1)
prob_symptoms <- dlnorm(x=day, meanlog=incubation_period$meanlog, sdlog=incubati
df <- data.frame(day, prob_symptoms)
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Computing infection dates

ggplot(df, aes(x=day, y=prob_symptoms)) + geom_line() +
  labs(x="Day of symptoms", y="Density") +
  theme_bw()
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Computing infection dates
It seems reasonable to assume people will seek a test on the day of their symptoms, and governments have
claimed that tests are returned in 24 hours (and presumably noti�ed at the same time). We can use a tight
lognormal distribution to add a bit of variance, centered at 1 day.

day <- seq(0, 3, by=0.01)
prob_test_returned <- dlnorm(x=day, meanlog=0, sdlog=0.2)
df <- data.frame(day, prob_test_returned)
ggplot(df, aes(x=day, y=prob_test_returned)) + geom_line() + theme_bw() +
  labs(x="Time from test until notification", y="Density")
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Computing infection dates

covid19_infection_dates <- covid19_by_lga %>%
  mutate(
    infection_date = 
      round(
        diagnosis_date - 
        rlnorm(
          n = n(),
          meanlog = incubation_period$meanlog,
          sdlog = incubation_period$sdlog
        ) -
        rlnorm(
          n = n(), meanlog = 0, sdlog = 0.2))
  )
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Computing infection dates

 Does this pass a sanity check?

 How would you expect the curve to look?
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Computing infection dates

The sanity check
 Infection dates must occur earlier than detection dates: ✅

 Periods of increasing/decreasing are 'close': ✅

Generally (although not always) sampling from multiple distributions simultaneously will smooth the data.
There are a lot of factors that can lead to noisy noti�cations, including:

 Access to tests: In early 2020, to be tested you had to be a close contact of a con�rmed case who had
travelled overseas,

 Delays in test processing: Many laboratories operate on skeleton staff over the weekend, leading to a
"surge" in cases midweek,

 Desire to be tested: Those on unstable employment or without sick leave are far less likely to be
tested for mild symptoms.

Looking at infections should be a smoother process, because the only thing required for an infection to occur
is contact between two people.
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How long do restrictions take to turn the curve over?
To think about ongoing transmission, we have to move away from looking at case numbers or even daily
infections. Instead, we can think about the average number of infections caused by a single individual, which
is called the "effective transmission number", or Reff.

It is sometimes called the "effective transmission rate". However, Reff is not a rate, as it has no sense of "over
time".

Reff is considered a 'threshold quantity':

 If Reff  1, then the epidemic will grow,

 If Reff  1, the epidemic will shrink (although not necessarily over �nite time).

>

≤

21/38



A brief tangent to Reff, R0 and dynamic disease models
To understand what Reff means, we go look at models of disease dynamics that are a bit more "data-free",
such as the SIR model.

These models are called "Compartmental models". Each individual in a population is in one (and exactly one)
compartment at any one time. The SIR model has three compartments:

 S: Susceptible people, those who can be infected,

 I: Infected and infectious people, those who have got and can spread the virus and

 R: Recovered people, those who no longer have the virus and don't participate in the dynamics any
further.
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A brief tangent to Reff, R0 and dynamic disease models

We can build this model as a system of differential equations:

dS(t)

dt

dI(t)

dt

dR(t)

dt

S + I + R

= −βS(t)I(t)

= βS(t)I(t) − γI(t)

= γI(t)

= 1
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A brief tangent to Reff, R0 and dynamic disease models
Solving this system of equations is only possible numerically. Example code to do so is here.

The model results in infections increasing, and decreasing, but even when the epidemic ends (and ), there is
still a proportion of people that remain susceptible.

I ≈ 0
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A brief tangent to Reff, R0 and dynamic disease models
The R0 of a model, sometimes called the "reproduction number", has the same threshold properties as Reff in
a fully susceptible population. In other words, it is a way to know whether an disease will 'take-off' in the
model.

Mathematically, in the system of equations for the SIR model, we have to have

Assuming , but small (i.e. ) then we have,

dI

dt

βSI − γI

βSI

> 0

> 0

> γI

I > 0 S ≈ 1

β

:=R0

β

γ

> γ

> 1
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A brief tangent to Reff, R0 and dynamic disease models
Thus, an outbreak will only occur if , the infection rate, is larger than , the recovery rate, which we could
interpret loosely as "infections happen faster than recoveries".

While R0 is de�ned as in a fully susceptible population, Reff is a quantity that changes over time. In the SIR
model,

So when ,  collapses to , while on the other extreme, if , then  also.

While this analytical result is satisfying, to use it in practice we need to:

 specify a model framework,

 have good estimates of the parameters,

 have a good estimate of .

Unfortunately, this pretty much never happens, and so we resort to more general relationships on more
observable quantities.

β γ

= R0 × S(t) = S(t)Ref f

β

γ

S(t) = 1Ref f R0 S(t) = 0 = 0Ref f

S(t)
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For more on dynamic models...
The textbook in dynamic infectious diseases modelling:

Keeling, M. J., & Rohani, P. (2011). Modeling infectious diseases in humans and animals. Princeton university
press.

Code to run some of the models in the book are available on the textbook's website:
http://www.modelinginfectiousdiseases.org/, although not all of them are available, and they are written in
C++ and Fortran (not R).

An extension to the SIR model, the SEIR model, and clinical outcomes presented as a shiny app:
https://alhill.shinyapps.io/COVID19seir/
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Effective transmission number
The effective transmission number is fundamentally linked to the epidemic growth rate. Over a su�cient time
period, we can approximate cases by:

Or equivalently,

We just need to choose a window (  ), and then we can compute the growth rate over that window as

We'll compute the 7 day growth rate, restricted to Victoria's "second wave", which we will de�ne as between 1
June and 1 September 2021.

C(t + s) = C(t) ,e
rs

C(t) = C(0) .e
rt

t

r = ( ) = ( )
log(C(t) − C(0)) log C(t) − log C(0)
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Calculating the growth rate

second_wave <- interval(ymd("20200601"), ymd("20200901"))
growth_rate <- covid19_infection_dates %>%
  filter(infection_date %within% second_wave) %>% #Restrict to the second wave
  group_by(infection_date) %>%
  summarise(n=n()) %>%
  mutate(
    growth_rate=slider::slide_dbl(
      .x = n,
      .f = function(v) {
        log(v[7]/v[1]) / 7 #Seven-day growth rate
      },
      .before=8, #Only look into the past
      .after = 0
    )
  )
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Calculating the effective transmission number
The growth rate is linked to Reff through the generation time distribution which describes the time between
Person A developing symptoms and Person B developing symptoms.

The time of symptom onset is relatively easy to record, and is the only piece of data required for the
distribution. Thus, with good epidemiological linking of cases, the generation time distribution is one of the
more measurable quantities.

The effective transmission number is linked to the growth rate through the expression,

where  is probability density function associated with the generation time distribution. If we assume this
distribution to be constant (say ), then we get the expression,

= f (τ)dτ,R−1

ef f ∫
∞

τ=0

e−rτ

f (τ)

T

= .Ref f erT
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Calculating the effective transmission number
A constant distribution for the generation interval is a very crude assumption, and should be no more than a
starting point for thinking about Reff.

There is a nice explainer on how growth rate is linked to Reff here.

Or for a more academic piece:

Wallinga, J., & Lipsitch, M. (2007). How generation intervals shape the relationship between growth rates and
reproductive numbers. Proceedings of the Royal Society B: Biological Sciences, 274(1609), 599-604.
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Calculating the effective transmission number
Estimates for the mean of the generation interval range between 4 and 6 days, so we will assume for today
that . We can append the estimate of Reff onto our frame of growth rates from earlier

summary_stats <- growth_rate %>%
  mutate(
    reff = exp(growth_rate * 5)
  ) %>%
  pivot_longer(cols = c("n", "growth_rate", "reff"))

T = 5
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Calculating the effective transmission number
The point at which Reff crosses 1 is where we would say infections started decreasing.

facet_lookups <- c(n="Cases (infection date)", 
                   growth_rate="Growth Rate", 
                   reff="Reff")

crossover_point <- summary_stats %>% 
  filter(name == "reff" & value < 1) %>%
  summarise(min(infection_date)) %>%
  pull()

crossover_point

## [1] "2020-07-30"

So, the �rst time the average number of new infections started decreasing was on 30 July, which is some 40
days after the hard lockdown rules were brought back in.
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Calculating the effective transmission number

reff_plot <- ggplot(summary_stats, aes(x=infection_date, y=value)) +
  geom_line() +
  facet_wrap(
    ~name, 
    scales="free", 
    ncol=1,
    labeller = as_labeller(facet_lookups)) +
  geom_vline(aes(xintercept=crossover_point), linetype="dashed") +
  labs(x="Date", y="Value") +
  theme_bw()
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Calculating the effective transmission number
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Reff, growth rates and cases
The plot shows us that Reff crossed the threshold at the same time the growth rate dipped below 0.

 Is that what we expect?

 Which of our assumptions may have led to that?

The actual number of infections on a given day is higher slightly earlier than when Reff crossed 1.

 Is that sensible?

 Why would that occur?

The effective transmission number was (is) one of the most watched and questioned numbers throughout
the pandemic in Australia. These sorts of questions get asked all the time, and are a great test of our
understanding of the methods!
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Recap
We started with an easy to state question: "When did infections peak?"

But to get the answer, we had to jump through a lot of steps:

 Impute the date of infection for each case:

 Calculate (or �nd evidence for) incubation period

 Guesstimate delay from symptom onset to testing

 Guesstimate delay from the swab being taken to result being returned

 Calculate the growth rate:

 Assume the period of time for which transmission is reasonably constant

 Calculate Reff:

 Calculate (or �nd evidence for) generation interval

 Assume some parametric structure on this distribution

This is a great example of why these questions don't have straightforward answers - if we change our
assumptions on distributions, our answer could change too!
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