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Abstract
Background. Test, trace and isolate are the three crucial components of the response to COVID-19
identified by the World Health Organisation. Mathematical models of contact tracing often over-simplify
the ability of traced contacts to quarantine or isolate.
Method. We use an age-structured branching process model of individual disease transmission combined
with a detailed model of symptom onset, testing, contact quarantine and case isolation to model each aspect
of the test, trace, isolate strategy. We estimated the effective reproduction number under a range of scenarios
to understand the importance of each aspect of the system.
Findings. People’s ability to quarantine and isolate effectively is a crucial component of a successful
contact tracing system. 80% of cases need to be quarantined or isolated within 4 days of quarantine or
isolation of index case to be confident the contact tracing system is effective.
Interpretation. Provision of universal support systems to enable people to quarantine and isolate
effectively, coupled with investment in trained public health professionals to undertake contact tracing, are
crucial to success. We predict that a high-quality, rapid contact tracing system with strong support structures
in place, combined with moderate social distancing measures, is required to contain the spread of COVID19.

Introduction
The WHO guidelines for control of COVID-19 emphasise three crucial components of an effective strategy:
test, trace, and isolate 1 . Collectively, this system of rapid case and contact management has become one of
the key public health tools in the fight against COVID-19 worldwide 2-4 . Contact tracing has been crucial
in controlling several disease outbreaks, notably SARS, MERS and Ebola 5,6 . While contact tracing alone
is unlikely to contain the spread of COVID-19 7,8 , in countries like New Zealand, which has eliminated
local transmission of the virus 9 , or other countries with low case numbers, it may allow population-wide
social distancing measures to be relaxed. In countries with more widespread epidemics, it may be able to
reduce the length of lockdowns. There is a need for robust ways to measure and improve the effectiveness
of contact tracing in reducing the spread of COVID-19. The effective reproduction number, 𝑅𝑒𝑓𝑓, measures
the current transmission rate of the virus and the aim of many public health interventions is to reduce 𝑅 𝑒𝑓𝑓.
However, it is difficult to disentangle the effects of multiple simultaneous interventions, such as caseisolation, contact tracing, and population-wide restrictions, using real-time estimates of 𝑅𝑒𝑓𝑓 alone 10 . We
therefore need reliable operational indicators to measure the effectiveness of contact tracing 11 .
New Zealand Public Health Units have considerable contact tracing experience through routine
management of tuberculosis cases, as well as previous epidemic outbreaks including measles, pandemic
H1N1 influenza, and meningococcal disease 12,13 . Contact tracing staff have a background in public health
and experience of managing the privacy issues that are involved in the work. Extensive interviews with
cases establish potential source cases and identify contacts. Contacts are regularly monitored, often daily,
to ensure adherence to quarantine restrictions, fast testing and an accurate onset time if symptoms develop.
Quarantine and isolation are supported through workplace support and family care, and limited community
quarantine or isolation facilities are available for those whose homes are unsuitable. The COVID-19
response was supplemented by a rapidly developed national contact management service to augment the
scalability of local services and address fragmented information systems 11 . A significant proportion of
cases in New Zealand were associated with long-haul international travel, and tended to occur in groups
with relatively low rates of socioeconomic deprivation and comorbid conditions. These groups tended to
be well positioned to adhere to the restrictions. However, there were also cases in communities where
financial and job insecurities affected people’s ability to work from home or take sick leave. In addition,
the data spans a period during which New Zealand was under the strictest social distancing measures,
reducing contacts significantly 14 .
Existing mathematical models of contact tracing 7,8 focus almost exclusively on the time taken to trace
contacts and the proportion of contacts who are traced. Most models assume that isolation is 100% effective
in preventing further onward transmission from traced cases 2 . Other models assume the effectiveness of
isolation and the probability of being traced are interchangeable, i.e. a system where 50% of contacts are
traced and isolation is 100% effective is assumed to have the same outcomes as one where 100% of contacts
are traced and isolation reduces onward transmission by 50% 7 . Quarantine refers to the separation of
individuals who may have been exposed to the virus but are currently pre-symptomatic or asymptomatic,
and is distinct from isolation of symptomatic or confirmed cases 15 . In reality, the quarantining of contacts
and isolation of cases are complex operational processes and their effectiveness depends on a range of
factors. Complete isolation of all confirmed cases is impractical in most countries: some contact with
household members and essential service providers or healthcare workers is inevitable in at least some
cases. Barriers to effective isolation are higher in communities with high levels of socioeconomic
deprivation, insecure employment, and limited entitlement to paid sick leave. Quarantine of presymptomatic or asymptomatic contacts, the majority of whom are likely not infected, is even more
challenging 16 . In countries with large outbreaks, this could affect tens of thousands of people and require
closure of entire workplaces for extended periods. As digital contact tracing systems are introduced, the
number of false positives could increase further and taking time off work to quarantine when not
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symptomatic is likely to be impossible for many. This suggests that quarantine is likely to involve
precautionary measures rather than complete isolation and therefore to be less effective than isolation of
confirmed cases.
We explicitly model the effectiveness of contact quarantine and case isolation in reducing onward
transmission. We allow for quarantine of contacts who are currently not symptomatic to be less effective in
reducing onward transmission than isolation of confirmed cases. This is a realistic model assumption that
reflects greater likelihood of behaviour change, increased levels of support and/or greater mandatory
regulation for isolation of cases following a positive test result. This allows us to separately investigate the
impact of increasing effectiveness of quarantine and isolation. We use a model calibrated using data on
COVID-19 cases in New Zealand, where the virus has been controlled effectively and the number of current
cases is very low. We also evaluate four potential performance indicators for the contact tracing system.
We show that seemingly straightforward indicators, such as the proportion of cases quarantined before
symptom onset, can be misleading. We propose an indicator based on the time between quarantine or
isolation of an index case and quarantine or isolation of secondary cases. This may be harder to measure
than some indicators, but is a more reliable measure of the reduction in the effective reproduction number.
Our results highlight the importance of establishing support systems to enable individuals to quarantine and
isolate effectively17 . They also demonstrate that effective contact tracing requires a skilled, professional
workforce that can trace downstream contacts of a positive case, as well as upstream contacts to determine
the source of infection and provide the high-quality data needed.

Figure 1. Schematic diagram of the contact tracing model. Infected individuals are initially not
symptomatic (yellow). Some infections eventually develop symptoms (red), others remain asymptomatic
for the duration of infection. For the index case who was not traced (0), there is a delay between onset of
symptoms (red) and getting tested. Isolation occurs at some point between symptom onset and testing.
There is a subsequent delay to the test result being returned (+) and tracing of contacts. Traced contacts (14) are quarantined when contacted by public health officials (phone icons) and are isolated and tested
immediately on symptom onset. Traced contacts (3) who are already symptomatic prior to being traced are
isolated immediately when contacted. Traced contacts (4) that have already isolated prior to being traced
are not affected. Contacts that cannot be traced (5) may still get tested and isolated after developing
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symptoms, but this is likely to take longer. Asymptomatic infections (1) do not get tested or isolated, but
will be quarantined if they are a traced contact. Some asymptomatic infections may be untraced, in which
case they will not be quarantined or isolated (not shown).
Transmission, contact tracing, quarantine and isolation model
We use a continuous-time branching process model 18 for the transmission of COVID-19 in the presence of
contact tracing and case isolation (Figure 1) – see Supplementary Materials for details. Individual
infectiousness is modelled using a time-dependent infection kernel. Cases are split into two categories:
those who eventually develop symptoms and those who remain asymptomatic for the whole infectious
period. For cases who eventually develop symptoms, the infection kernel is shifted according to the time
of symptom onset, such that 35% of onward transmission occurs during the pre-symptomatic phase 19,20.
Asymptomatic cases follow the same shape of infection kernel as eventually-symptomatic cases, but are
only 50% as infectious.
The key input parameters for the contact tracing model are: (i) the proportion of contacts successfully
traced; (ii) the mean time taken to trace contacts following a positive test result for the index case; and (iii)
the effectiveness of contact quarantine and case isolation in reducing onward transmission. The time for
tracing ranges from zero, which can usually only be achieved for household contacts or via a highly
effective digital tracing system, through to a mean of 6 days. Traced contacts of a positive case who are not
currently symptomatic go into home quarantine, i.e. minimise their interactions with others. Upon symptom
onset, traced contacts isolate more stringently and receive a test for SARS-CoV-2. We assume that untraced
symptomatic cases are also tested and isolated, but that there is a delay from onset to isolation and testing
(see Supplementary Materials for distributions). The model is based on New Zealand data which has a fast
testing system with only one day on average between testing (when isolation starts) and result (when tracing
starts). However, the shape of the assumed distribution for tracing time means the model can still be applied
to countries where testing is slower by increasing the mean time from testing of the index case to tracing of
contacts.
Measuring the input parameters empirically is not straightforward. In many countries, quarantine and
isolation are left to the individual. Without strong government and community support, quarantine of presymptomatic or asymptomatic individuals in particular may be ineffective. Measuring the reduction in the
number of onward transmissions during quarantine and isolation relies on high-quality data to compare
contact rates of similar individuals across a broad sector of society. Even quantifying the proportion of
contacts traced is not always straightforward due to imperfect recall.
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Figure 2: The impact of contact tracing on the effective reproduction number 𝑹𝒆𝒇𝒇 is strongly
affected by the proportion of contacts traced, the tracing speed and the effectiveness of
quarantine and isolation. Graphs show the effective reproduction number relative to the no-control
scenario (𝑅𝑒𝑓𝑓 /𝑅0 ) against the mean tracing time, 𝐸(Days to trace), for a range of tracing
probabilities and quarantine/isolation effectiveness. 𝑅𝑒𝑓𝑓/𝑅0 = 1 when there is no contact tracing or
case isolation.

Determinants of the effectiveness of contact tracing
We run the model for three tracing probabilities, 0% (no contact tracing), 50% and 100% (all contacts
traced), and a range of tracing speeds from instant tracing to a mean tracing time of 6 days. The reduction
in onward transmission as a result of quarantine or isolation ranges from 50% to 100%. We assume that
isolation of symptomatic cases is always at least as effective as quarantine of pre-symptomatic or
asymptomatic contacts.
It is possible to have a case isolation policy with no contact tracing (Fig. 2, red lines). In this case, more
effective isolation leads to a decrease in 𝑅 𝑒𝑓𝑓 relative to the no-control scenario (compare Fig 2A, D, F, red
lines). Across all isolation and quarantine scenarios, slow tracing results in poorer outcomes than fast
tracing, i.e. higher 𝑅𝑒𝑓𝑓 (Figure 2). If tracing is fast, then tracing more contacts reduces 𝑅𝑒𝑓𝑓 further; if
tracing is very slow (mean tracing time > 5 days), the system is ineffective regardless of the proportion of
contacts traced and the reduction in 𝑅 𝑒𝑓𝑓 is similar to the no-tracing or isolation only scenario.

4

In the results shown in Figure 2, we fixed the mean time from testing to the test result being returned and
varied the mean time from the return of a positive test to the tracing of contacts. This shows that the key
factor is the total delay between testing the index case through to tracing their contacts; the model is
relatively insensitive to the particular apportionment of this total delay between the testing and the tracing.
For example, a mean testing time of 1 day and a mean tracing time of 5 days produces a similar outcome
to a mean testing time of 3 days and a mean tracing time of 3 days.
In reality, the tracing speed and the proportion of contacts traced are likely to be inter-dependent: tracing a
few contacts, particularly household or other close contacts, can be done quickly; but tracing a higher
proportion of all contacts is likely to include at least some contacts who are harder to trace, so the mean
tracing time will increase. Our results show if the mean tracing time is more than 6 days, there is little
benefit trying to trace more contacts and the priority should be faster tracing of the easier-to-trace contacts.
The effectiveness of quarantine and isolation is a crucial determinant of the ability of the contact tracing
system to reduce 𝑅 𝑒𝑓𝑓. Because there is significant pre-symptomatic transmission of COVID-19 19,20 , fast
tracing in conjunction with effective quarantine of contacts before symptom onset can greatly reduce
spread. Although some countries, notably China, established arrangements for institutional isolation and
monitored quarantine 21 , most countries in Europe, North America and Australasia rely on home quarantine
for contacts and home isolation for mild cases. Asking individuals to quarantine or isolate but then failing
to support them to do so, means, for example, they will either need to go shopping for food and other
essential items or have them delivered by family or friends who potentially should also be in isolation.
Many individuals may be ineligible for paid sick leave, especially when not symptomatic. Crowded or
unsuitable housing may mean isolation is not feasible. Precarious employment situations could be
exacerbated by prolonged and possibly repeated absences. Given these realities, it is unlikely that 100%
effective isolation and quarantine (Fig. 2A) is achievable.
We suggest that a more realistic scenario is one where quarantine only reduces onward transmission by
50% (Fig. 2C). If tracing is instantaneous, this provides the same reduction in 𝑅 𝑒𝑓𝑓 as a mean tracing time
of 2–3 days with 100% effective quarantine. If isolation of cases is only 50% effective (Fig. 2F), improving
isolation may be more impactful than faster or more complete contact tracing (Fig. 2A, red line). Tracing
50% of contacts with 100% quarantine and isolation effectiveness (Fig 2A, blue line) is significantly more
effective than tracing 100% of contacts with 50% isolation and quarantine effectiveness (Fig 2F, green
line). Previous models of contact tracing 7 do not distinguish these two scenarios. This is not to say that
there is a necessary trade-off between these two alternatives, but the comparison illustrates the relative
importance of tracing coverage and effectiveness of quarantine and isolation. Nonetheless, there could be
a significant operational trade-off in practise, if contact tracing staff are also involved in providing
personalised follow-up to encourage adherence or on-going monitoring of possible symptoms.
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Figure 3: The proportion of cases quarantined or isolated within 4 days of the index case being
quarantined or isolated (A) is the most robust indicator of the performance of the contact tracing
system, measured by the reduction in effective reproduction number 𝑹𝒆𝒇𝒇 relative to the no control
case. Other indicators are not reliably correlated with 𝑹𝒆𝒇𝒇 across all model parameters. Each plotted
point corresponds to one combination of model parameters: fast tracing (same time as test result) of 50%
of contacts (stars); fast tracing of 100% of contacts (crosses); slow tracing (mean 3 days after test result) of
50% of contacts (circles); slow tracing of 100% of contacts (pluses); varying effectiveness of isolation and
quarantine are shown by different colours (see graph legend). The horizontal axes show the proportion of
cases meeting the specified performance indicator. Vertical dashed lines show the minimum and maximum
values of the indicators computed from New Zealand case data (see section Benchmarking against the New
Zealand contact tracing system). Indicator (D) can be calculated for all 𝑁 = 93 cases in the dataset.
Indicators (A)-(C) require an index case to be identified, which means they can only be calculated for 81
cases. 37 of these 81 cases have multiple potential index cases. The left-hand dashed line in (A)-(C) shows
the result of selecting the index case corresponding to the smallest value of the indicator; the right-hand
dashed line in (A)-(C) shows the result of selecting the index case corresponding to the largest value of the
indicator.

Measuring the effectiveness of contact tracing
A key output of interest is the effective reproduction number 𝑅 𝑒𝑓𝑓, defined in the model as the mean number
of secondary infections per case. It is difficult to measure the impact of contact tracing on 𝑅𝑒𝑓𝑓 directly
because other interventions affecting 𝑅𝑒𝑓𝑓 will typically be in place at the same time. In addition, there may
be a substantial time lag between implementation and any reduction in 𝑅 𝑒𝑓𝑓 as seen in reported new cases.
It is also difficult to obtain reliable data to calibrate the input parameters for the contact tracing model. The
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mean tracing time is the easiest input parameter to measure, although this could be underestimated if some
contacts or cases present to healthcare before being traced. Officially reported values of the proportion of
contacts traced typically represent the proportion of known contacts traced, neglecting potential contacts
who could not be recalled by the case. To directly measure the effectiveness of quarantine and isolation
would require detailed information about the number of secondary infections during these periods, which
would involve intensive follow-up with quarantined and isolated individuals. Unless this was done for all
cases, this intervention itself could bias the sample towards individuals who were more effectively isolating.
There is therefore a need for performance indicators that can be used to estimate the effect of contact tracing
on 𝑅 𝑒𝑓𝑓, separately from other interventions such as population-wide restrictions. A robust performance
indicator should: (i) be measurable from data routinely collected by public health organisations; and (ii) be
closely correlated with the effective reproduction number 𝑅𝑒𝑓𝑓 across a broad range of model inputs. In the
absence of direct information about input parameters, we assessed the following potential performance
indicators for the case isolation and contact tracing system 11 :





Proportion of cases quarantined or isolated within 4 days of symptom onset in the index case.
Proportion of cases quarantined or isolated within 4 days of quarantine or isolation of the index
case.
Proportion of cases with symptom onset within 4 days of symptom onset in the index case (i.e.
serial interval less than 4 days).
Proportion of cases quarantined before symptom onset.

Note that quarantine always refers to asymptomatic or pre-symptomatic contacts and while always refers
to symptomatic cases. Some cases have only a quarantine time (e.g. case 1 in Figure 1), some have only an
isolation time (cases 3-5 in Figure 1), and some have a quarantine time and a later isolation time (case 2 in
Figure 1). For simplicity, the indicators above are defined using the quarantine time if it exists, or the
isolation time if not.
The most robust indicator tested was the proportion of cases that were quarantined or isolated within 4 days
of quarantine or isolation of the index case (Fig. 3A). This indicator is well correlated with 𝑅𝑒𝑓𝑓 across
variations in all three input parameters, meaning that improvements in contact tracing parameters are
reliably associated with improvements in the indicator. In contrast, indicators that use onset time can be
misleading. For example, the proportion of cases quarantined within 4 days of onset in the index case (Fig.
3B) depends almost exclusively on tracing speed and proportion of contacts traced, and is insensitive to the
effectiveness of quarantine or isolation. If the effectiveness of quarantine and case isolation can be evaluated
independently or assured in some other way, this could be a useful indicator of system effectiveness, but
without this it is not useful. The serial interval (Fig. 3C) is determined predominantly by the virus
transmission dynamics, in particular the incubation period. The effectiveness of quarantine has the strongest
effect on this indicator, as more effective quarantine produces a shorter serial interval by preventing onward
transmission late in the infectious phase (as seen elsewhere 22 ) while an improvement in either the tracing
speed or the proportion of contacts traced leads to an apparent deterioration in the indicator. The reason for
this counterintuitive result is that, as the contact tracing system becomes more effective in reducing
transmission, the remaining unidentified cases include a higher proportion of cases who were infected by
asymptomatic carriers. These cases cannot be traced in the model and so continue to spread the virus
relatively late in their infectious periods, leading to longer serial intervals.
The proportion of cases quarantined before symptom onset is the easiest indicator to measure as it can be
calculated for all cases, including those that are not associated with a specific index case. However, it is the
worst of the four indicators tested, showing apparently poorer outcomes as the effectiveness of quarantine
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or isolation improves (Fig. 3D). This happens because effective case-targeted interventions tend to prevent
secondary infections that occur late in the infectious phase (e.g. case 2 in Fig. 1). The remaining cases are
skewed towards those that were infected early in the infectious phase of the index case (e.g. case 3 in Fig.
1). These cases are the hardest to trace before symptom onset.

Benchmarking against the New Zealand contact tracing system
We used the New Zealand EpiSurv dataset, centrally managed by Environmental Science and Research
(ESR) on behalf of the Ministry of Health (accessed 6 August 2020). We included the 𝑁 = 101 confirmed
and probable cases with a symptom onset date between 8 April and 8 May 2020. Restricting to this period
minimises the impact of changes that may have occurred as a result of expansion of the contact tracing
system at the start of the epidemic in March and early April 2020. It also excludes the significant changes
in behaviour and reduction in contact rates following the introduction of strict social distancing restrictions
on 26 March 2020. We excluded cases with a recent international travel history (𝑁 = 8) because the
majority of these were infected overseas and/or were not identified as a result of contact tracing. All 93
included cases were symptomatic and had either an isolation or quarantine date and a symptom onset date
recorded. 81 cases had at least one recorded index with recorded isolation, quarantine and onset dates, of
these 37 had multiple potential index cases.
Case discovery is categorised in the dataset as either “contact of a case” (𝑁 = 81), “sought healthcare”
(𝑁 = 9) or “other” (𝑁 = 3), which could include surveillance testing. In New Zealand, traced contacts
were requested to quarantine at home but were not routinely tested unless they developed symptoms. This
is consistent with the modelling assumptions. Of the 81 cases labelled as “contact of a case”, only 76 had a
recorded index, the remaining 5 cases with a recorded index were all labelled as “sought healthcare”.
Defining traced contacts to be the 81 cases labelled as “contact of a case” implies a tracing rate of 87%. Of
these cases, 57% were quarantined or isolated prior to symptom onset. There was almost no difference in
the mean time from onset to testing between the traced and non-traced contacts (mean 2.8 days, standard
deviation 2.6 days for sought healthcare; mean 3.0 days, standard deviation 2.3 days for contacts). This
suggests that many of the cases labelled as “contact of a case” may have self-identified or been identified
as a contact only after presenting to primary healthcare or testing services, as opposed to being traced by
public health officials. This reinforces the view that directly quantifying the proportion of contacts who are
traced is difficult and that this may not be accurately reflected in routinely collected public health data.
Asymptomatic cases are not represented in the data as they were not routinely tested. However, spread from
asymptomatic carriers is one source of transmission in the model.
To evaluate the effectiveness of the New Zealand contact tracing system, we calculated each of the four
performance indicators across all cases in the sample (Fig. 3, vertical dashed lines). Indicator (D) can be
calculated for all 𝑁 = 93 cases in the dataset. Indicators (A)-(C) require an index case to be identified,
which means they can only be calculated for the 81 cases with index information regardless of case
discovery method. For the 37 cases with multiple index cases, the value of each indicator was calculated
twice: once by selecting the index case corresponding to the smallest value of the indicator; once by
selecting the index case corresponding to the largest value of the indicator. This gives a range of possible
values of the indicator for the New Zealand dataset, indicated by the two vertical dashed lines in Fig. 3(A)(C).
The recommended indicator, the proportion of cases quarantined or isolated with four days of quarantine
or isolation of the index case, is between 56% and 72% for the New Zealand data (Fig. 3A). The simulation
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results that lie in this range have values of 𝑅 𝑒𝑓𝑓 /𝑅0 ranging from 0.55 to 0.7. This implies that, with no
knowledge of the other system parameters, using the recommended indicator suggests that contact tracing
and case isolation reduced 𝑅 𝑒𝑓𝑓 by 30–45% during this period. This estimate is subject to substantial noise
in the data due to self-reporting of isolation dates and symptom onset dates and uncertainty in assigning
index cases. For comparison the indicator in Fig 3B, the proportion of cases quarantined or isolated within
four days of symptom onset in the index case gives a much more uncertain prediction of 20% to 45% 𝑅 𝑒𝑓𝑓
reduction.

Discussion and conclusions
Our results show that a high-quality, rapid contact tracing system, combined with strong support systems
for people in quarantine or isolation, can reduce the effective reproduction number 𝑅𝑒𝑓𝑓 by at most 60%.
In the absence of any control interventions, the basic reproduction number 𝑅0 for COVID-19 is estimated
to be between 2 and 4 23-25 . Containing the spread of COVID-19 requires 𝑅𝑒𝑓𝑓 < 1, which implies that
some level of moderate social distancing will likely be required during outbreaks in addition to casetargeted interventions. If case isolation or contact quarantine are imperfect, or some contacts are not traced
or traced more slowly, then the reduction in 𝑅𝑒𝑓𝑓 is only around 40%, meaning that stronger social
distancing would be required to contain future outbreaks. In a country where testing is very slow, for
example if it takes more than five days to return test results, short-term gains in controlling spread of the
virus may be made by measures that improve effectiveness of isolation. This does not diminish the
importance of also building rapid testing capacity and investing in the contact tracing system, but recognises
that this may take longer to achieve. Case isolation alone is unlikely to be able to contain an epidemic
because chains of transmission from infected contacts will continue to grow in the community8 . Our model
assumed that all symptomatic cases were eventually diagnosed, which relies on widespread availability and
uptake of testing. Case-targeted measures will be less effective if there is significant case under
ascertainment.
We recommend using the time from quarantine or isolation of the index case to quarantine or isolation of
secondary cases as the basis for measuring the performance of the contact tracing system. If at least 80%
of cases are quarantined or isolated within 4 days of quarantining or isolating the index case, this indicates
a reduction in 𝑅𝑒𝑓𝑓 of at least 40%. For this to be effective, it has been suggested that the definition of a
contact should be within 2 metres of an infected case for 15 minutes or more 26 .
O’Dowd 27 and Verrall 11 identified key criteria against which to evaluate the contact tracing system, for
example, suggesting that at least 80% of contacts must be quarantined within 4 days of symptom onset in
the index case. We have shown that if the effectiveness of quarantine and isolation can be guaranteed, this
criteria can be useful to benchmark a system. However, when these are not accurately known, the indicator
recommended above is more robust. Case-targeted interventions tend to prevent onward transmission late
in the infectious period. This skews remaining cases towards those infected in the pre-symptomatic or early
symptomatic phase of the index case, and these are more difficult to trace in a timely way. Our work shows
that in order to establish the effectiveness of a system, index-case pairs must be determined as accurately
as possible, even if this is done post hoc with case investigation. Without this information, there is a danger
that seemingly simple criteria, such as the proportion of cases quarantined before symptom onset, could
give misleading indications of system performance.
The New Zealand contact tracing system is well-established and run by highly trained public health staff.
Their work has been critical to the success of New Zealand’s elimination strategy for COVID-19 9.
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However, even this well-established system suffers from noisy data and the difficulties of establishing
index-case pairs. Our results show that this system, despite its contribution to eliminating the disease in
New Zealand, can still be improved, and, more usefully, point to the areas that require the most attention:
namely, reducing the time taken to trace contacts. The dataset we have used comes from a period when
New Zealand had strict stay-at-home orders in force, greatly reducing the average number of contacts
needing to be traced. An outbreak during a period without such stringent population-wide restrictions would
place a much greater strain on the contact tracing system.
For countries with large outbreaks where contact tracing is either not well-established or does not have
sufficient capacity to deal new daily cases, our results show that it may be possible to improve control of
COVID-19 by improving the effectiveness of case isolation in the short term, while building contact tracing
capacity in the medium to long term.
Our model assumed that a fixed fraction of infections in each age group are asymptomatic 28 and, in the
absence of any case-targeted interventions, 35% of all onward transmission from eventually-symptomatic
cases occurs during the pre-symptomatic phase. There is a wide range in empirically derived estimates for
these parameters for COVID-19 2,19,20,29,30 , and the effectiveness of contact tracing is sensitive to these 7 . If
the true rates of asymptomatic and pre-symptomatic transmission are less than these assumed values, it is
easier to trace a greater number of contacts prior to them becoming infectious, likely making contact tracing
more effective. However, if the true values are higher, it is likely that contact tracing will need to be
combined with stronger social distancing measures to contain COVID-19. In any case, the conclusion
remains that the provision of systems to support people to quarantine and isolate effectively and the ability
to rapidly trace the majority of contacts are crucially important. Our model does not distinguish between
the different types of contact, such as household, work or casual, and each of these groups may experience
different speeds to trace and possess different abilities to isolate effectively. These features would be a
useful addition to the model but would not undermine the conclusions on isolation effectiveness and robust
indicators.
Further investment in improving the speed and capacity of contact tracing systems is needed. This is likely
to be much more cost-effective than having to prolong or return to strict population-wide social distancing
measures to contain a resurgence in cases. The crucial importance of support systems for people in
quarantine or isolation and the ability to rapidly trace the majority of contacts mean that investment in
skilled professionals and workers trained in public health work is essential. Overreliance on digital contact
tracing solutions or the use of contact tracing staff who are not trained in public health work are likely to
lead to less favourable outcomes. This does not diminish the importance of developing scalable contact
tracing systems, including digitally supported and automated systems. These become an increasingly
essential part of the public health response during a major outbreak where public health agencies do not
have capacity to manually trace all the contacts of new cases. However, it highlights the need to design
digital systems that are well integrated with public health agencies, so that the effectiveness of quarantine
and isolation is not compromised. Ideally this will allow a smooth transition from digital support of manual
contact tracing when case numbers are low, to increasing levels of automation needed if case numbers grow.
Experience from the New Zealand contact tracing effort shows that the development of trusted relationships
by public health officials and local community representatives is critical to an effective system. The success
of contact tracing also relies on the universal provision of social security such as paid sick leave, leave
entitlements for pre-symptomatic or asymptomatic individuals in quarantine, and adequate job security and
unemployment benefits.
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Materials and Methods: Model

We use an age-structured continuous-time branching process model
COVID-19 in the presence of contact tracing and case isolation.
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to study the transmission of

Model assumptions. The key assumptions of the model are:














Infected individuals fall into one of two categories: those that eventually develop symptoms and
those that remain asymptomatic for the entire infectious period. Asymptomatic infections are
assumed to have a reduced infectiousness (see Table S1 for parameter values) and to remain
untested
For eventually-symptomatic infections, the time between exposure and onset of symptoms (in
days) 𝑇𝑜𝑛𝑠𝑒𝑡 is drawn from a gamma distribution
𝑇𝑜𝑛𝑠𝑒𝑡 ~ Γ(5.8, 0.95).
The times of secondary infections 𝑇𝑠 are drawn from an individual-specific generation time
distribution, which is shifted according to the onset time 𝑇𝑜𝑛𝑠𝑒𝑡 of the index case 7 via:
𝑇𝑠 − 𝑇𝑜𝑛𝑠𝑒𝑡 + 𝑡𝑝 ~ 𝑊𝑒𝑖𝑏𝑢𝑙𝑙(5.67,2.83)
where 𝑡𝑝 > 0 is a constant chosen so that 𝑝𝑝𝑟𝑒 = 35% of secondary infections occur prior to
onset. Allowing for pre-symptomatic transmission in this way is realistic, but introduces the
possibility that secondary infections could occur before infection of the index case. To prevent
this, any randomly generated secondary infection times with 𝑇𝑠 < 𝑇𝑜𝑛𝑠𝑒𝑡 are discarded and
another secondary infection time is generated instead. The population-wide generation time
distribution is a model output (see Figure S1) and is consistent with empirical estimates 2,31,32.
Symptomatic individuals who are not traced self-isolate after symptom onset. The time between
symptom onset and isolation, 𝑇𝑖𝑠𝑜 , is Gamma distributed
𝑇𝑖𝑠𝑜 ~Γ(0.62, 3.47).
The distribution is found by fitting to the time between symptom onset and isolation in the NZ
case data including all untraced individuals without a recent overseas arrival history and onset
date between 8 th April and 8th May.
All symptomatic cases get tested. i.e. 𝑝𝑡𝑒𝑠𝑡 = 1. In the absence of any contact tracing, the time,
in days, between symptom onset and testing, 𝑇𝑡𝑒𝑠𝑡 is Gamma distributed
𝑇𝑡𝑒𝑠𝑡 ~Γ(1.22, 2.17).
The distribution is found by fitting to the time between symptom onset and test date of the NZ
case data of all untraced individuals without a recent overseas arrival history and onset date
between 8th April and 8th May.
Isolation reduces infectiousness to 𝑐𝑖𝑠𝑜 of initial infectiousness; this is assumed to take effect
from either the isolation date or the test date, whichever is earlier.
The time from testing to test result, 𝑇𝑟𝑒𝑠𝑢𝑙𝑡, (in days) is a minimum period plus an exponentially
distributed random variable:
𝑇𝑟𝑒𝑠𝑢𝑙𝑡 − 0.5 ~ 𝐸𝑥𝑝(0.5)
This is an approximate match to the New Zealand data.
A positive test result initiates tracing of the index case’s contacts. It is assumed a proportion
𝑝𝑡𝑟𝑎𝑐𝑒 of contacts are successfully traced, though cases may be symptomatic, have isolated and
even been tested by the time they are traced.
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The time between the index case’s test result and tracing of contacts, 𝑇𝑡𝑟𝑎𝑐𝑒, is Gamma
distributed with variance equal to 10% of the mean, i.e. tracing may be delayed but is completed
quickly.
Contacts traced before symptom onset go into partial isolation or quarantine, which reduces
infectiousness to 𝑐𝑞𝑢𝑎𝑟 of initial infectiousness. This is a weaker form of isolation during the presymptomatic stage (𝑐𝑞𝑢𝑎𝑟 ≥ 𝑐𝑖𝑠𝑜 ).
Once a traced contact develops symptoms, they are tested and fully isolated (infectiousness 𝑐𝑖𝑠𝑜)
immediately (i.e. there is no delay from onset to testing or isolation). After the test-to-result
delay described above, a positive test result initiates tracing of the secondary case’s contacts.
Contacts traced after symptom onset immediately go into isolation and are tested.
Infections that remain asymptomatic do not get tested or isolated and their contacts are not
traced.
Asymptomatic infections can be traced contacts of an index case and be quarantined. However,
they do not develop symptoms and so will not get tested or fully isolated.
If isolation is not 100% effective tracing continues during isolation and contacts are still traced
with probability 𝑝𝑡𝑟𝑎𝑐𝑒.

Stochastic branching process model. The stochastic model for transmission of the virus is as follows:











We segment the population into 3 age groups: 0-19 years, 19-65 years, over 65. The population
is assumed to be well mixed within each group.
The mean reproduction number 𝑅𝐺𝑠𝑢𝑏 of asymptomatic individuals in any group 𝐺 was assumed
to be 50% of the mean reproduction number 𝑅 𝐺𝑐𝑙𝑖𝑛 of eventually-symptomatic individuals in that
group 33.
In the absence of case isolation measures, each infected individual 𝑖 causes a randomly generated
number 𝑁𝑖 ~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑅𝑖 )of new infections.
We assume a moderate level of social distancing which reduces transmission rates to 70%.
As well as population heterogeneity across the different groups, individual heterogeneity in
transmission rates was included by setting 𝑅𝑖 = 𝑅𝐺𝑐𝑙𝑖𝑛 𝑌𝑖 for eventually-symptomatic individuals
in group 𝐺 and 𝑅 𝑖 = 𝑅 𝐺𝑠𝑢𝑏 𝑌𝑖 for asymptomatic individuals in group 𝐺, where 𝑌𝑖 is a gamma
distributed random variable with mean 1 and variance 2 34.
All individuals are assumed to be no longer infectious 30 days after being infected. This is an
upper limit for computational convenience; in practice, individuals have very low infectiousness
after about 14 days after symptom onset because of the shape of the generation time
distribution (Fig. 1).
The model is simulated using a time step of 𝛿𝑡 = 0.5 days. At each step, infectious individual 𝑖
produces a Poisson distributed number of secondary infections with mean
𝑡+𝛿𝑡
𝜆𝑖 = 𝑅𝑖𝐹(𝑡, 𝑇𝑡𝑟𝑎𝑐𝑒,𝑖 , 𝑇𝑖𝑠𝑜,𝑖 ) ∫𝑡
𝑊(𝜏 − 𝑇𝑜𝑛𝑠𝑒𝑡 ,𝑖 ) 𝑑𝜏
(1)
where 𝑊 is the PDF of the Weibull distribution shown in Table S1, 𝑅𝑖 is individual 𝑖’s reproduction
number, 𝑇𝑡𝑟𝑎𝑐𝑒,𝑖 is the time individual 𝑖 was traced (if applicable), 𝑇𝑖𝑠𝑜,𝑖 is the time individual 𝑖 was
isolated (if applicable), and 𝐹(𝑡) is a function describing the reduction in infectiousness due to
isolation:
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1
𝑡 < 𝑇𝑡𝑟𝑎𝑐𝑒
𝑐
𝑇
𝐹(𝑡, 𝑇𝑡𝑟𝑎𝑐𝑒 ,𝑇𝑖𝑠𝑜 ) = { 𝑞𝑢𝑎𝑟 𝑡𝑟𝑎𝑐𝑒 ≤ 𝑡 < 𝑇𝑖𝑠𝑜
(2)
𝑐𝑖𝑠𝑜
𝑡 ≥ 𝑇𝑖𝑠𝑜
The contact matrix Λ gives the probability Λ𝑖𝑗 that a secondary infection originating from group
𝑖 will be in group 𝑗, with ∑𝑗 Λ𝑖𝑗 = 1. New infections from group 𝑖 are distributed across groups
according to these probabilities.
The contact matrix assumes 50% of contacts are from the same age group. The remaining 50%
are distributed across all three age groups in proportion to their relative size in the population,
consistent with 35.
The model was initialised with 10 seed cases infected at time 𝑡 = 0. 𝑅𝑒𝑓𝑓 was calculated for each
scenario using individuals who had experienced a full infectious period within 50 days of the seed
cases.

Performance indicators. For each combination of parameter values investigated, we calculated the values
of the four following performance indicators:
1. Proportion of cases quarantined or isolated within 4 days of symptom onset in the index case.
2. Proportion of cases quarantined or isolated within 4 days of quarantine or isolation of the index
case.
3. Proportion of cases with symptom onset within 4 days of symptom onset in the index case (i.e.
serial interval less than 4 days).
4. Proportion of cases quarantined before symptom onset.
Time of quarantine or isolation means time of quarantine if there was a period of pre -symptomatic
quarantine, or time of isolation otherwise. This is distinct from the time of diagnosis which may occur later
for traced cases. These indicators were calculated in the model for cases that eventually became
symptomatic, all of whom have an onset time and an isolation time. Asymptomatic cases were not
included in the metrics, despite being possible for some cases, as these are unlikely to be available in
collected data. This includes cases who were not traced before symptom onset, and whose isolation date
is therefore after their onset date. Indicators 1-3 additionally require the index case to be eventualysymptomatic. Values of these indicators were averaged over 1000 simulations for each combination of
parameter values investigated.

Empirical calculation of performance indicators. We used the New Zealand EpiSurv dataset, centrally
managed by ESR on behalf of the Ministry of Health (accessed 2 June 2020). We included the 𝑁 = 95
cases with no recent history of overseas travel and with a symptom onset date between 8 April and 8
May. Case discovery is categorised as either “contact of a case” (𝑁 = 82), “sought healthcare” (𝑁 = 9)
or other (𝑁 = 4). Of the 82 cases labelled as “contact of a case”, all were associated with at least one
index case, allowing the values of the first three performance indicators defined above to be empirically
calculated. For cases with multiple potential index cases, we calculated the following quantities





−
Earliest time of onset in a potential index case 𝑇𝑜𝑛𝑠𝑒𝑡
.
+
Latest time of onset in a potential index case 𝑇𝑜𝑛𝑠𝑒𝑡 .
Earliest time of quarantine or isolation in a potential index case 𝑇𝑞−.
Latest time of quarantine or isolation in a potential index case 𝑇𝑞+.
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+
−
Using 𝑇𝑜𝑛𝑠𝑒𝑡
and 𝑇𝑞+ for all cases gave a minimum value for indicators 1-3. Using 𝑇𝑜𝑛𝑠𝑒𝑡
and 𝑇𝑞− for all
cases gave a maximum value for indicators 1-3. These minimum and maximum values corresponds to the
two vertical dashed lines in Fig. 3A-C. Indicator 4 does not depend on the index case, so there is a unique
value for this indicator (single vertical dashed line in Fig. 3D) which was calculated from all available case
data.

Figure S1. Distribution of generation times (time from infection of the index case to infection of secondary
cases) with no contact tracing or case isolation. Three published generation time distributions are shown
for comparison 2,31,32 .
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Parameter
Distribution of exposure to onset (days)

Value
𝑇𝑜𝑛𝑠𝑒𝑡 ~ Γ(𝑠ℎ𝑎𝑝𝑒 = 5.8, 𝑠𝑐𝑎𝑙𝑒 = 0.95)

Distribution of generation times (days)

𝑇𝑠 − 𝑇𝑜𝑛𝑠𝑒𝑡 + 𝑡𝑝

Distribution of onset to testing (untraced
contacts) (days)
Distribution of onset to isolation (days)

~ 𝑊𝑒𝑖𝑏𝑢𝑙𝑙(𝑠ℎ𝑎𝑝𝑒 = 2.83, 𝑠𝑐𝑎𝑙𝑒 = 5.67)
𝑇𝑡𝑒𝑠𝑡 ~Γ(𝑠ℎ𝑎𝑝𝑒 = 1.22, 𝑠𝑐𝑎𝑙𝑒 = 2.17)
𝑇𝑖𝑠𝑜 ~Γ(shape = 0.62, scale = 3.47)
𝑇𝑟𝑒𝑠𝑢𝑙𝑡 − 0.5 ~ 𝐸𝑥𝑝(0.5)

Distribution of testing to test result (days)
Distribution of test result to contact tracing
(days)
Proportion of secondary infections occurring
before symptom onset (in the absence of casetargeted control)
Relative infectiousness after quarantine

̅̅̅̅̅̅̅̅
𝑇𝑡𝑟𝑎𝑐𝑒
, 𝑠𝑐𝑎𝑙𝑒 = 0.1)
0.1
= 35%

𝑇𝑡𝑟𝑎𝑐𝑒 ~ Γ(𝑠ℎ𝑎𝑝𝑒 =
𝑝𝑝𝑟𝑒

𝑐𝑞𝑢𝑎𝑟
𝑐𝑖𝑠𝑜

Relative infectiousness after full isolation

𝑝𝑡𝑟𝑎𝑐𝑒

Proportion of contacts traced

Source
36
2

NZ Case
data
NZ Case
data
NZ Case
data
See scenario
parameters
7

See scenario
parameters
See scenario
parameters
See scenario
parameters

Age-structured scenario parameters
children (0-19 years), adults (19-65 years), elderly (over 65)
Reproduction
number for eventualy𝑅𝑐𝑙𝑖𝑛 = 4.6, 3, 1.3
Estimated
symptomatic infections (no case isolation or
from
agecontrol)
adjusted
contact rates
37

𝑅 𝐺𝑠𝑢𝑏/𝑅 𝐺𝑐𝑙𝑖𝑛 =

Relative infectiousness of asymptomatic cases

50%
𝑝𝑠𝑢𝑏 = 0.8, 0.33, 0.2
0.6 0.325 0.075
Λ = 0.1 0.825 0.075
0.1 0.325 0.575

Proportion of asymptomatic infections
Contact probabilities between groups

Table S1. The parameters used in the model and their source.
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33 28
33
18,35

