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Throughout Victoria’s COVID-19 response, a suite of mathematical and statistical models
have been used to understand the spread and subsequent control of the pandemic. High-
profile mathematical outputs, such as case forecasts, give a good picture of the general
epidemic activity in a given region. However, when case numbers are small, forecasts
can be very sensitive. Moreso, when there is only a handful of cases, more detailed
factors such as geographic distribution of cases, or at-risk industries, are possibly more
informative.

As part of my role in Victoria’s COVID-19 response, my team applied a number of
statistical techniques to case data. These techniques have varying levels of sophistication,
but one of the most usedwas Diggle’s space-time K-function [2]. This model is relatively
unrefined, but the advantage of that is that very little information is required to compute
it: just the date of infection of cases, and their geographical location. Both of these are
collected almost immediately once the case is notified, meaning that this function can
be calculated regularly and quickly, two factors that are critical in informing epidemic
response.

The D0 function can be interpreted as the proportional increase in case events at a given
space-time arising from interactions at that space-time. In an infectious diseases context,
this is a proxy measure of disease contagiousness. The lower this increase, the stronger
the indication of successful intervention measures.

To calculate the D0 function, we start with the K-function1. The K-function is defined
as the cumulative number of expected case events, K, as a function of the (straight-line)
distance from an arbitrarily selected case [7]. That is,

Kd(s) = N−1
∑
i

∑
j 6=i

I[dij < s], (1)

where N is the total number of cases, dij is the distance between case i and case j, and
I is an indicator function. Eq (1) is sometimes termed the ‘spatial’ K-function, but by

1For some reason, spatial science has some of the most non-transparent function naming
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Figure 1: Graphical illustration of the K-function in (a) space and (b) time.

swapping out the dij term, it is possible to calculate a K-function across any attribute.
For COVID-19, we used time, denoted Kt(t), as well as space. The time between two
cases was the number of days between their onset dates (which we assumed were a proxy
for infection dates) as opposed to the notification dates, for which there was sometimes
a long delay. Figure 1 gives an illustration of calculating the K-function in (a) space and
(b) time. For the arbitrarily chosen case – case B here – the K-function in space at 1 unit,
KB

d (1) = 2/6, and at 2 units, KB
d (2) = 5/6. Comparatively, in time, KB

t (1) = 1/6, and
KB

t (3) = 5/6. To estimate the K-function in it’s entirety, we would repeat this process
for each of the other cases A–F .

So far, we have considered space and time completely separately. As the last example has
shown, often the clustering of cases in space and time can be different. If space and time
were completely independent, then the space-time K-function, denoted K(s, t), would be
the product of the space and time K-functions. That is,

K(s, t) = Kd(s) ×Kt(t).

However, that is rarely the case, particularly in infectious diseases, where disease spreads
from one individual to another. In the example visualised in Figure 1, K(1, 1) = 1/36 as
cases A and B are within 1 unit and 1 day of each other 2. However, Kd(1) ×Kt(1) =
2/6×1/6 = 2/36 3. Because of this dependence between space and time, we are interested
in estimating how many times greater K(s, t) is compared to the product of Kd(s) and
Kt(t). Thus, we arrive at the definition of D0 function,

D0(s, t) =
K(s, t)

Kd(s)Kt(t)
. (2)

The actual value of the D0 function is not particularly important. Rather, it is how this
function changes over time or geographically that is the most important. The absence of
space-time interaction (i.e. a relatively flat D0 function) is a sign of control success.

From March until the end of 2020, we estimated the D0 function as part of the routine
reporting framework. It was regularly one of the fastest measures to show control success,

2Note that we have N2 here as we are considering the two dimensions
3Note that we have labelled the cases here for the purposes of the example, but when actually

calculating these functions the cases are considered unlabelled.
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Figure 2: Estimate of the D0 function based on COVID-19 data up to June 20, 2020
in Victoria. The contagiousness estimated by this function is very low, despite signs of
increasing case numbers.

but perhaps one of the most valuable moments was the reporting in mid-June. The period
from May through to the start of June was one of relative calm, with 218 cases diagnosed
over the 31 days, an average of roughly 7 notifications per 24 hours. A similar story was
true at the start of June, with 114 community acquired or unknown source cases over
the first 20 days: an average of under 6, relatively the same as what we had so far. In
our routine report, using data up to June 20, 2020, something seemed amiss with the D0

function, reproduced in Figure 2. What was once a nicely clustered mass near 0 days and
0 kilometres seemed to have spread out, particularly over distance. There was, unusually,
relatively little clustering to be seen.

After digesting this figure, we got together with the epidemiology team who had been
compiling notes on all the cases and their contacts across Victoria. When we pooled all the
evidence together – statistical models, case notes, forecasts of incoming numbers, genomic
information, geographic risk profiles, and so much more – we arrived at a hypothesis we
hoped would not be true: infection had been scatter-gunned across the greater Melbourne
area. The more we looked, the more it seemed like it could be true. In the 10 days that
followed, a further 369 community acquired or unknown cases would be notified, more
than 6 times as many cases per day than that of the previous 3 weeks. Victoria’s second
wave had arrived.
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The D0 function is not a new concept to infectious diseases. Although not typically
applied in human diseases (as thankfully we don’t have many pandemics), it has been
used in Rift Valley fever [6], highly pathogenic avian influenza [4, 5] as well as a handful
of others [1, 3, 8]. The technique is well-known, and in an environment where time is
of the essence, it’s quick compute time was proven valuable. COVID-19 was, and is, an
infection that we knew little about, and the ability to apply a tried and tested model
when it was needed most meant that our ability to respond was as strong as it could be.

There is no crystal ball when it comes to pandemic predictions. No matter how complex
the model we develop and apply, no one can ever accurately predict the future. Much
of my and my team’s role was to synthesise the information from these relatively unso-
phisticated models and communicate them to the people who needed to know. In the
example discussed here, it was the discussion of information with our epidemiologists that
led to the conclusion, not a piece of data or a model. No-one knows when exactly the
peak of infections will be, but between the epidemiology and the modelled data, we can
come together and give an idea of whether we’re likely to see increases or if the control
measures being applied are working.

Victoria has since reached a state of elimination for COVID-19, along with the rest of
Australia. A feat shared only by a few globally. Here, we have seen one example of a
response coming together to solve an issue, but it is far from the only example. If there’s
one thing to take away from Victoria’s COVID-19 response, it’s that the pieces of the
puzzle are always stronger together.
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