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5 Abstract

6 Background The test-trace-isolate-quarantine (TTIQ) strategy is used to break chains
7 of transmission during a disease outbreak and is one of the key pillars of the non-
8 pharmaceutical interventions to suppress the ongoing SARS-CoV-2 pandemic. Here
° we quantify how the probability of detecting and isolating a case, the fraction of
10 contacts identified and quarantined, and the delays that are inherent to these pro-
1 cesses impact the reduction of disease transmission by TTIQ.

12 Methods We develop an analytical model of disease transmission that is based on
13 empirical distributions of the timing of SARS-CoV-2 transmission. The isolation
14 of confirmed cases and quarantine of their contacts is implemented by truncating
15 their respective infectious periods. Using this model we quantify how the param-
16 eters describing the coverage of the TTIQ intervention and the inherent delays im-
17 pact the level of disease transmission. We provide an online application to assess
18 the efficacy of TTIQ as a function of these parameters.

19 Findings Increasing the coverage of testing and isolating index cases has the largest
20 effect on transmission reduction, followed by reducing the delay between symptom
21 onset and index case isolation. The impacts of these two changes are substantially
22 greater than the effect of increasing the fraction of contacts which are traced and
23 subsequently quarantined or reducing the delay to quarantine. We find that, on
24 average, increasing testing and isolation coverage and reducing the delay to iso-
25 lation have four-fold and three-fold greater impacts, respectively, on transmission
26 reduction compared to increasing contact tracing coverage. Increasing the duration
27 of lookback in which contacts are identifiable has limited impact on TTIQ efficacy.
28 Interpretation To be a successful intervention strategy, TTIQ requires intensive test-
29 ing. The majority of transmission is prevented by isolating symptomatic individu-
30 als, and doing so in a short amount of time. Despite the lesser impact, adding con-
31 tact tracing and quarantine to testing and isolation increases the parameter space
32 in which an epidemic is controllable, and is necessary to control epidemics with a
33 high reproductive number. Our results show how TTIQ can be improved and opti-
34 mised.
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3 1 Introduction

39 Individuals who are confirmed as infected with severe acute respiratory syndrome
40 coronavirus 2 (SARS-CoV-2) are isolated from the population to prevent further
a1 transmission. Individuals who have been in recent close contact with an infected
42 individual have an increased risk of being infected themselves. By identifying the
43 potentially-infected contacts through contact tracing and eventually quarantining
44 them, transmission chains can be broken. Thus contact tracing is an essential pub-
45 lic health tool for controlling epidemics (WHO, 2020). The strategy of testing to
a6 identify infected cases, isolating them to prevent further transmission, and tracing
a7 & quarantining their recent close contacts is known as test-trace-isolate-quarantine
48 (TTIQ) (Salathé et al., 2020). This strategy is a fundamental non-pharmaceutical
49 intervention which is used globally to control the ongoing SARS-CoV-2 pandemic
50 (Kucharski et al., 2020).

51 Testing typically occurs once an individual develops symptoms of coronavirus
52 disease 2019 (COVID-19). As presymptomatic transmission makes up approxi-
53 mately 40% of total onward transmission from eventually-symptomatic infecteds
54 (He et al., 2020; Ashcroft et al., 2020; Ferretti et al., 2020a), it would be possible for
55 the number of secondary infections to be more than halved if infected individuals
56 are isolated from the community at the time of symptom onset. However, as test-
57 ing follows from symptoms, the testing & isolating strategy without subsequent
58 contact tracing & quarantine is unlikely to capture persistently-asymptomatic in-
50 fections which make up around 20% of all infecteds (Buitrago-Garcia et al., 2020),
60 and thus isolating 100% of infecteds at symptom onset would not be possible.

61 Contact tracing & quarantine have the potential to be effective interventions
62 against the spread of COVID-19 because of the high frequency of presymptomatic
63 and asymptomatic transmission from recently-infected individuals (Moghadas et al.,
64 2020). Potentially-infected contacts can be identified and quarantined before they
65 would be isolated as a result of developing symptoms and/or receiving a positive
66 test result, such that their onward transmission is reduced. This is exemplified dur-
67 ing super-spreader events (Riou & Althaus, 2020; Endo et al., 2020; Adam et al.,
68 2020) where large numbers of potentially-infected contacts can be quarantined to
69 prevent widespread community transmission. Tracing & quarantine does not de-
70 pend on symptom development, hence this strategy is capable of reducing onward
71 transmission even from asymptomatically-infected individuals.

72 TTIQ strategies are not perfect: each stage in the process is subject to delays
73 and uncertainties and it would be impossible to prevent all onward transmission

74 through TTIQ alone (Ferretti et al., 2020b; Kucharski et al., 2020; Kretzschmar et al.,
75 2020; Quilty et al., 2021; Ashcroft et al., 2021). Furthermore, in the presence of

76 widespread community transmission the contact tracers may be overwhelmed by
7 the volume of cases. In this scenario it is important to optimise the resources (i.e. the
78 person hours of the contact tracers) to minimise onward transmission.
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79 In a previous study of TTIQ efficacy, Ferretti et al. (2020b) used an approach
80 based on the empirically-observed timing of transmission events — but with sub-
81 stantial approximations around the TTIQ process — to get to an analytically tractable
82 prediction of the impact of TTIQ on SARS-CoV-2 transmission. They concluded
83 that widespread digital contact tracing (with minimal delay between index case
84 identification and quarantine of secondary contacts) would be necessary to reduce
85 the effective reproduction number below one and to bring an outbreak under con-
86 trol. Kucharski et al. (2020) simulated the impact of intervention strategies using an
87 agent-based model, where each individual in a population can be infected by and
88 subsequently infect another individual in their own contact network. While the
89 TTIQ process is more accurately implemented than in Ferretti et al. (2020b), they
% did not use empirical distributions to describe the timing of transmission, which is
01 crucial for quantifying the impact of isolation and quarantine. Kretzschmar et al.
92 (2020) opted to simulate a discrete-time branching process model of transmission
03 and TTIQ. While they explicitly accounted for the timing of infection events and
94 accurately described the TTIQ process, they predominantly focussed on assessing
95 the role of digital contact tracing based on mobile applications. They also conclude
% that minimising delays is the key to successful TTIQ intervention. Finally, Grantz
o7 et al. (2020) employed a discrete-time Markov chain model to simulate how infect-
% eds in the community can be detected and isolated and have their contacts quaran-
99 tined. Through simplifications regarding the timing of infection events, they could
100 compute the effective reproductive number in the presence of TTIQ interventions
101 and evaluate how changes to TTIQ accuracy and timing impacts this reproductive
102 number. They concluded that effective TTIQ interventions need to be strong in the
103 “test” component, as case detection underlies all other TTIQ components.

104 What is missing in the literature is a systematic approach to assess the impact
105 of each step in a TTIQ intervention, which captures what we know about the tim-
106 ing of disease transmission but makes minimal assumptions about the remaining
107 population dynamics. In this paper we build on our previous work in which we
108 have quantified the impact of quarantine duration and highlighted the optimal use
109 of test-and-release strategies (Ashcroft et al., 2021). With this mathematical frame-
110 work, which uses the empirically-observed distributions of transmission timing
111 from Ferretti et al. (2020a) to determine when infections occur, we calculate how
112 the probability of identifying and isolating a case, the fraction of contacts identified
113 and quarantined, and the delays that are inherent to these processes impact disease
114 transmission under TTIQ interventions.

115 Research in context

116 Evidence before this study

117 Modelling studies of non-pharmaceutical interventions against the transmission of
118 SARS-CoV-2, as published in The Lancet Infectious Diseases, The Lancet Public
110 Health, and Science, have shown that test-trace-isolate-quarantine (TTIQ) strate-
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120 gies can be effective at suppressing epidemic outbreaks. These studies have consid-
121 ered different intervention scenarios, combined with additional measures such as
122 physical distancing. The prevailing conclusions are that the delay between symp-
123 tom onset and isolation of an infected individual, and the subsequent delay to quar-
124 antining recent close contacts, are the most influential parameters which should be
125 minimised to ensure that interventions are effective.

126 Added value of this study

127 Our study utilises an analytic modelling approach which is based on well-supported
128 empirical estimates for the timing of transmission events. This model explicitly
120 captures the dependence of the process of contact tracing on the identification of
130 index cases by testing, without the need for simplifying assumptions. We perform
131 a systematic analysis of the parameter space of TTIQ strategies within this model
132 and quantify the impact that each time delay and coverage has on the level of dis-
133 ease transmission. We identify the contribution to epidemic suppression that comes
134 from testing and isolating individuals, along with the additional contribution made
135 by tracing and quarantining the contacts of the isolated index cases. Further inter-
136 vention measures, such as physical distancing, are captured in the effective repro-
137 duction number, R, representing the baseline level of transmission in the absence
138 of TTIQ interventions. Along with the results presented in the manuscript, we pro-
130 vide an interactive online application which allows the user to vary the parameters
140 of the TTIQ strategy and see the impact that this has on transmission reduction.
141 Given that the central parameters of TTIQ may differ strongly in different settings,
142 we see this online tool as an import contribution to increase the applied value of
143 our paper.

144 Implications of all the available evidence

145 The TTIQ strategy has the potential to be an effective intervention against the
146 spread of SARS-CoV-2; contact tracing and quarantine can prevent undetectable
147 transmissions from presymptomatic or asymptomatic carriers. Contrary to some
148 previous studies, through our systematic approach we find that increasing testing
149 and isolation coverage, as opposed to reducing the delay to isolation, has the largest
150 impact on transmission reduction. Increasing testing coverage, and to lesser extent
151 reducing the delay to isolation, have a compound effect on TTIQ efficacy as they
152 allow more contacts to be identified and quarantined before these contacts fulfil
153 their infectivity potential.

™ 2 Methods

155 2.1 Transmission model

156 Our transmission model is based on a branching process that starts with a single
157 individual who is infected with SARS-CoV-2. This individual could be persistently
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158 asymptomatic (which make up a fraction a of infections), otherwise they are classed
150 as symptomatic (1 — a). To be clear, presymptomatic individuals who will go on to
160 develop symptoms are included in the symptomatic fraction. Buitrago-Garcia et al.
161 (2020) have estimated a ~ 20% based on a meta-analysis of 79 studies.

162 The timing of onward infections in the model is determined by empirically-
163 observed distributions of transmission dynamics from Ferretti et al. (2020a). These
164 distributions are: the generation time distribution (describing the time interval be-
165 tween the infection of an index case and secondary case); the infectivity profile
166 (describing the time interval between the onset of symptoms in the index case and
167 infection of the secondary case); and the incubation period distribution (describing
168 the time between the infection of an individual and the onset of their symptoms).
160 These distributions (shown in Figure S1) are based on large sets of transmission
170 pairs and minimal assumptions about the relationship between infectiousness and
171 symptoms, which would otherwise push the variance of the resulting generation
172 time distribution towards its upper or lower extremes (Lehtinen et al., 2021). In
173 the model we assume that these timing distributions are the same between asymp-
174 tomatic and symptomatic cases. The fraction of transmission that occurs before
175 symptom onset in symptomatically-infected individuals is defined by the cumula-
176 tive infectivity profile up to the time of symptom onset.

177 Using this branching process model we calculate the number of infected indi-
178 viduals in the second generation (secondary infections) and in the third generation
179 (tertiary infections) after the introduction of the first infected individual. We also
180 keep track of the time at which the transmission events occur. In our analysis we do
181 not simulate the branching process explicitly, but instead use a statistical descrip-
182 tion of the dynamics.

183 The expected number of secondary infections per infected depends on the trans-
184 missibility of the virus (e.g. as captured by the basic reproductive number Ry), as
185 well as the current level of interventions in place to mitigate the spread of the virus.
186 As we are interested in quantifying the effects of TTIQ strategies, we introduce the
187 parameter R which represents the effective reproductive number of the virus in the
188 presence of interventions such as mask-wearing, social distancing, school closures
189 etc., but in the absence of isolation and quarantine. In the absence of TTIQ inter-
190 ventions, we would expect R infections in the second generation, and R? infections
101 in the third generation.

102 Furthermore, this R-value represents the average effective reproductive number
103 across asymptomatic and symptomatic infections, i.e. R = aR, + (1 —a)Rs, where
104 R, and R; are the expected number of individuals who are directly infected by an
105 asymptomatic or symptomatic individual in the absence of TTIQ, respectively. We
196 would expect that R, < Ry (Buitrago-Garcia et al., 2020). We can further define
107 the parameter &« = aR;/R as the fraction of all transmission that originates from
108 asymptomatically-infected individuals in the absence of TTIQ. This fraction has
199 the property that if asymptomatic and symptomatic individuals are equally trans-
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200 missive (R, = Rs), then « is just the fraction of asymptomatic individuals (x = a).
201 If asymptomatic individuals are less infectious (R, < R;s), then @ < a. Therefore
202 the fraction of transmission from asymptomatic individuals in the absence of TTIQ
203 satisfies 0 < & < qa.
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Figure 1 Quantifying the impact of TTIQ interventions using a mathematical model. A)
Under testing & isolation, index cases are identified and isolated from the population af-
ter a delay A after they develop symptoms (at time ts,). This curtails their duration of
infectiousness and reduces the number of secondary infections. This isolation occurs in a
fraction f of symptomatic individuals. B) Under additional contact tracing & quarantine,
the contacts of an index case can be identified and quarantined after an additional delay A,.
This reduces the onward transmission from these secondary contacts. Only contacts that
occur during the contact tracing window can be identified. This window extends from t
days before the index case developed symptoms (i.e. ts, — 7) to the time at which the index
case was isolated (i.e. ts, + Aq). A fraction g of the contacts who were infected within the
contact tracing window are quarantined. The remaining individuals are not quarantined,
but could be isolated if they are later detected as an index case. The distributions shown
here are schematic representations of those shown in Fig. S1.

204 2.2 Testing & isolating

205 Individuals who develop symptoms of COVID-19 can be tested and subsequently

206 isolated from the population. Testing & isolating acts to reduce the number of
207 secondary infections per index case by shortening the duration in which the index
208 case can infect susceptible individuals, i.e. isolation truncates the distribution of
200 infection times (Fig. 1A). We assume that isolation happens after a delay of A; days
210 after symptom onset, and that only a fraction f of symptomatic individuals are
211 isolated. This incomplete coverage can be attributed to symptom misdiagnosis, a
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212 failure or unwillingness to get tested if symptomatic, a false-negative test result, or
213 non-adherence to the isolation protocol. For those individuals who are isolated, we
214 assume that they cannot infect further for the remaining duration of their infectious
215 period. In the model, asymptomatic individuals are not tested and they do not
216 isolate.

217 The infected individuals who are not isolated will infect R, or R, secondary con-
218 tacts, depending on whether they are classified as asymptomatic or symptomatic.
219 Isolated symptomatic cases will infect P(A1) x Rs secondary contacts, where 0 <
220 P(A1) < 1is the cumulative fraction of the infection time distribution that lies be-
221 fore the isolation time A (see Fig. 1A). Averaging across these scenarios gives the
222 expected number of secondary infections per infected case. We can repeat this anal-
223 ysis for each of the secondary infections to calculate the number tertiary infections
224 under testing & isolation.

225 2.3 Contact tracing & quarantine

226 When an index case is identified by testing, they can be interviewed by contact
227 tracers to determine whom they have potentially infected, with the aim of quar-
228 antining these exposed individuals. The contact tracers focus on a specific time
220 window of infection to identify the contacts with highest risk of being infected.
230 In our model this window extends to T days before symptom onset in the index
231 case. It is unlikely that every contact within this time window is memorable or
232 traceable, so we assume that only a fraction g of the secondary contacts within this
233 window are eventually quarantined. Quarantine begins after a delay of A; days
234 after the isolation of the index case, representing the time required for the contact
235 to be identified by contact tracers and to enter quarantine. For those who are quar-
236 antined, we assume that they cannot infect further for the remaining duration of
237 their infectious period. Importantly, quarantine occurs independently of whether
238 these secondary infections are asymptomatic or will eventually develop symptom:s.
239 Quarantine shortens the duration in which the identified secondary contacts can
240 transmit further to tertiary contacts (Fig. 1B). For each quarantined secondary con-
241 tact, we calculate the number of onward infections by computing the cumulative
242 fraction of the infection time distribution before quarantine begins and multiplying
243 by R, or Rs, depending on whether the secondary contact is classified as asymp-
244 tomatic or symptomatic.

245 If a secondary contact is not quarantined, then they could be detected after
246 symptom onset as a new index case, and subsequently isolated. The number of
247 onward infections that result from these individuals is typically higher than for
248 those who are quarantined, as they have to wait until symptom onset before they
249 can be isolated, or they may not develop symptoms at all in which case they are
250 not isolated. Finally, some secondary contacts are not quarantined or isolated, and
251 will infect R, or R; tertiary contacts. The average number of infections caused by
252 the quarantined, isolated, and non-isolated secondary contacts is then the number
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of tertiary infections per index case. See Appendix for the full calculation.

2.4 TTIQ parameters

The efficacy of the TTIQ interventions depends on how quickly and accurately they
are implemented. To this end, we have introduced five parameters to describe the
TTIQ process (Table 1). We systematically explore this TTIQ parameter space, first
for the testing & isolation intervention in the absence of contact tracing (Fig. 1A),
and then with additional tracing & quarantine (Fig. 1B).

Parameter Description Range

f Probability that a symptomatic individual isisolated 0% < f < 100%
from the population

Aq Time delay between symptom onset and isolation ~ A; > 0 days

T Duration prior to symptom onset in which contacts 7 > 0 days
are identifiable

g Fraction of identifiable contacts that are successfully 0% < g < 100%
traced and quarantined per isolated index case

Ay Time delay between isolation of the index case and A, > 0 days

the start of quarantine for the secondary contacts

Table 1: Parameter definitions for the TTIQ interventions. The delay and lookback
parameters A1, Ay, and T are illustrated in Fig. 1.

2.5 Effective reproduction number

The effectiveness of the TTIQ intervention can be quantified by calculating the ef-
fective reproduction number in the presence of the interventions, Ryrig, which de-
scribes the expected number of secondary infections per infected individual. If
Rtrig > 1 then the epidemic is growing, while a value of less than one means the
epidemic is being suppressed. For our branching process model, we define the re-
productive number as Rrtriq = 13/12, where n; and n3 are the expected number of
tertiary and secondary infections per index case, respectively. In other words, we
define the reproductive number as the average number of infecteds in the third gen-
eration per infected in the second generation. It is necessary to work with the third
generation (as opposed to just the first and second generations) as this is where
the impact of contact tracing and quarantine is first observed. Under strategies of
testing & isolation alone (i.e. no contact tracing), we use the notation Ry for clarity.

2.6 Computing uncertainties

As shown in Fig. S1B and C, there is significant uncertainty in the variance of the
inferred generation time distribution and infectivity profile. We propagate this un-
certainty into our calculation of Rrriq. Briefly, we sample parameter combinations
that make up the 95% confidence interval of the generation time distribution and
infectivity profile, and then compute Rrriq for each parameter set. The maximum
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279 and minimum of these values then describe the confidence interval for the level of
280 transmission Complete details are provided in the Appendix.

281 2.7 Interactive app

282 To complement the results in this manuscript, and to allow readers to investigate
283 different TTIQ parameter settings, we have developed an online interactive appli-

284 cation. This can be found at https:/ /ibz-shiny.ethz.ch/covidDashboard /ttiq.

285 2.8 Role of the funding source

286 The funders of the study had no role in study design, data collection, data analysis,
287 data interpretation, writing of the manuscript, or the decision to submit for publi-
288 cation. All authors had full access to all the data in the study and were responsible
289 for the decision to submit the manuscript for publication.

290 3 Results

201 3.1 Reducing transmission by testing & isolating

202 Based on our transmission model, testing & isolating alone (i.e. without additional
203 contact tracing & quarantine) is capable of suppressing epidemic growth (Rt; < 1)
204 with a baseline R-value in the absence of TTIQ of up to 1.76 [95% confidence inter-
205 val (CI): 1.57,1.98], assuming that asymptomatic individuals contribute & = 20% of
296 infections (Fig. S4). To achieve this level of suppression, each symptomatic individ-
207 ual (f = 100%) would have to isolate immediately at symptom onset (A; = 0 days),
208 representing the upper limit of testing & isolation performance. We again note that
299 the baseline R parameter depends on the current suppression measures against
300 SARS-CoV-2 transmission (social distancing, mask wearing, home office, etc., but
301 not TTIQ interventions), as well as seasonality and levels of immunity /vaccination.
302 Importantly, this predicted upper limit of R = 1.76 is below the estimated Ry of
303 SARS-CoV-2 (Rp ~ 2.5; Riou & Althaus (2020)). Hence, testing & isolating alone as
304 a control strategy would not have been sufficient to prevent epidemic growth, even
305 before the emergence of more transmissible variants. One would have to reduce the
306 number of susceptible individuals in the population by at least 30% (e.g. through
307 vaccination) for testing & isolating alone to be a viable strategy.

308 The region of (f, A1) parameter space in which Rry is less than one, i.e. the re-
300 gion in which an epidemic can be controlled by testing & isolating, is shrinking for
310 higher R epidemics (Fig. 2A). Higher testing & isolation coverage (f) or shortened
311 delays between symptom onset and isolation (A1) are required to control SARS-
312 CoV-2 outbreaks as R increases. By increasing the fraction of symptomatic indi-
313 viduals that are isolated (f), there can be a greater delay to isolation without any
314 increase in Rty, but with diminishing returns.
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Figure 2 The reproductive number Ry under testing & isolation only. A) The impact of
testing & isolation on Rty as a function of the fraction of symptomatic individuals that
are isolated (f; x-axis) and delay to isolation after symptom onset (A;; y-axis) for different
baseline R values (columns). The black line represents the criticial reproductive number
Rty = 1. Above this line (red zone) we have on average more than one secondary infection
per infected and the epidemic is growing. Below this line we have less than one secondary
infection per infected and the epidemic is suppressed. Dashed lines are the 95% confidence
interval for this threshold, representing the uncertainty in the inferred generation time dis-
tribution and infectivity profile. B) Lines correspond to slices of panel A at a fixed delay to
isolation A; = 0, 2, or 4 days after symptom onset (colour). Shaded regions are 95% con-
fidence intervals for the reproductive number, representing the uncertainty in the inferred
generation time distribution and infectivity profile. Horizontal grey line is the threshold
for epidemic control (Ry; = 1). We fix the fraction of transmission that is attributed to
asymptomatic infections to & = 20%.

315 A SARS-CoV-2 outbreak with R = 1.1 (in the absence of TTIQ) can be controlled
316 by isolating as few as 21% [95% confidence interval (CI): 18%,25%] of symptomatic
317 individuals at the time of symptom onset (A; = 0 days) (Fig. 2B). If the symp-
318 tomatic individuals wait A; = 2 days after symptom onset before isolating (i.e. they
319 wait for a test result), then 39% [CI: 30%,54%] of symptomatic infecteds would have
320 to be isolated for the epidemic to be controlled. Isolating after A; = 4 days would
321 be insufficient to control the epidemic even if all symptomatic individuals were
322 isolated [CI: 63%,n.a.]. For faster-spreading SARS-CoV-2 outbreaks (R = 1.5 in the
323 absence of TTIQ), we would require 77% [CI: 67%,91%] of symptomatic infecteds
324 to be isolated immediately after they develop symptoms (A; = 0 days) to control
325 the epidemic. With a delay A; > 2 days, testing & isolating would be insufficient
326 to control the epidemic even if 100% of symptomatic infecteds are isolated.

327 We have predominantly focussed on & = 20% of infections being attributable
328 to persistently-asymptomatic individuals in the absence of TTIQ. As this fraction
320 increases, we observe a linear increase in Rry, i.e. increasing the fraction of trans-
330 mission that is attributable to asymptomatic infections leads to reduced efficacy of
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331 testing & isolating, as fewer cases are identified by testing only symptomatics (Fig.
332 S5A). It should be noted that under testing & isolation measures, a larger fraction
333 of onward transmission is attributable to asymptomatic infections when compared

334 to the scenario of no TTIQ (Fig. S5B).

335 3.2 Reducing transmission by additional contact tracing & quarantine
336 With additional contact tracing & quarantine, the theoretical upper limit of TTIQ
337 efficacy is greatly increased compared to testing & isolation alone. Under perfect
338 conditions with all contacts quarantined immediately after symptom onset in the
339 index case, TTIQ can suppress epidemics with a baseline R-value in the absence of
340 TTIQ of up to 4.24 [95% CI: 3.10,5.83] (Fig. 54 for & = 20%). However, it is unlikely
341 that such a high level of suppression could be achieved in practice due to delays
342 and inaccuracies in the contact tracing process.

343 Under ideal TTIQ conditions, additional tracing & quarantine can more than
344 double the effectiveness of the intervention compared to testing & isolation alone
345 (Fig. S4). However, under more realistic expectations of inaccuracies and delays in
346 the TTIQ processes, the majority of transmission is prevented by testing & isolation
347 if less than ¢ = 60% of contacts are quarantined (Fig. S6).

348 We can visualise the additional benefit that contact tracing & quarantine brings
349 to testing & isolation in our model by gradually increasing the fraction of contacts
350 of index cases that are isolated, g. For ¢ = 0, no contacts are traced & quarantined,
351 and hence we return to the testing & isolation strategy (Fig. 2). By increasing g,
352 we expand the parameter space in which Rtrig < 1 (Fig. 3), i.e. contact tracing
353 allows an epidemic to be controlled for lower fractions of index cases found (f)
354 and/or longer delays to isolating the index case after they develop symptoms (A;).
355 Furthermore, for a given set of testing & isolation parameters f and A;, we can
356 control higher R-value epidemics with contact tracing & quarantine that would be
357 otherwise uncontrollable.

358 To obtain a systematic understanding of the impact that each parameter of the
359 TTIQ process has on the effective reproductive number Rrtig, we can individually
360 vary each of the five TTIQ parameters. To this end, we calculate Ryryg for focal
361 parameter sets of (f,g, A1, Ay, T). We then perturb each single parameter, keeping
362 the remaining four parameters fixed, and compute the new value of Rryiq (Fig. 4).
363 Modifying the fraction of symptomatic index cases that are identified and iso-
364 lated (f) has the largest effect of all parameter changes. By identifying more index
365 cases (increasing f), we not only prevent the onward transmission to secondary
366 contacts through isolation, but we also allow infected contacts to be traced and
367 quarantined.

368 Increasing the fraction of secondary contacts that are quarantined (g) has a
369 smaller benefit than increasing f. If only 30% of symptomatic index cases are iden-
370 tified, then increasing g results in a small reduction of Ryrig and for R = 1.5 the
371 epidemic cannot be controlled even if all secondary contacts (§ = 100%) of known
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Figure 3 The impact of tracing & quarantine on the reproductive number Rrrig as a func-
tion of the fraction of symptomatic individuals that are isolated (f; x-axis) and delay to
isolation after symptom onset (A;; y-axis), for different contact tracing & quarantine suc-
cess probabilities g (colour) across different baseline R values (columns). We fix Ay = 2
days and T = 2 days. The contours separate the regions where the epidemic is growing
(RrTig > 1; top-left) and the epidemic is suppressed (Rtrig < 1; bottom-right). The con-
tours for ¢ = 0 are equivalent to the contours in Fig. 2. We fix the fraction of transmission
that is attributed to asymptomatic infections to & = 20%. We do not show confidence
intervals for clarity of presentation.

372 index cases are quarantined (Figs. 4A & B). However, if a large fraction of symp-
373 tomatic index cases are identified (f = 70%), then increasing g can control an epi-
374 demic that would be out of control in the absence of contact tracing (Figs. 4C &
375 D).

376 After increasing f, the next most effective control strategy is to reduce the delay
377 between symptom onset and isolation of the index case (A1). Reducing the time
378 taken to quarantine secondary contacts (A;) has a lesser effect on Rrrig. Finally,
379 looking back further while contact tracing (increasing 7) allows more secondary
380 contacts to be traced and quarantined. However, this does not translate into a sub-
381 stantial reduction in RyTyq as the extra contacts which are traced have already been
382 infectious for a long time, and will thus have less remaining infectivity potential to
383 be prevented by quarantine. Hence increasing T comes with diminishing returns.
384 To check the robustness of these effects across all parameter combinations (not
385 just perturbing a single parameter), we randomly sampled parameter combinations
386 (f, g A1,02,7) and used linear discriminant analysis (LDA) to capture the impact
387 that each parameter has on Rryig (Fig. 5). We find that f is the dominant parameter
388 to determine the reproductive number, followed by Ay, g, A2, and finally T has
389 the smallest impact. Furthermore, by looking at the distribution of the randomly-
390 sampled TTIQ parameters across different Rrriq values (Fig. S7), we observe that
391 low f values are strongly associated with low TTIQ effectiveness (although a high
392 f value is not necessarily associated with high effectiveness).

393 The output of the LDA analysis is dependent on the range of parameter values
394 from which we sample (Fig. S8). While f and g are naturally bounded from 0%
395 to 100%, the time-valued parameters A;, Ay, and T have no natural upper limit.
396 Without empirical data to inform these prior distributions, we focus on durations
307 from zero to five days as shown in Fig. 4.

308 Finally, we comment on the role of asymptomatic transmission across the TTIQ
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Figure 4 The response of the reproductive number Rrrig to single TTIQ parameter pertu-
bations. We set the baseline R = 1.5 throughout, which is the intensity of the epidemic in
the absence of any TTIQ intervention. We consider four focal TTIQ parameter combina-
tions, with f € {30%,70%}, A; € {0,2} days, § = 50%, A, = 1 day, and T = 2 days. Rr1ig
for the focal parameter sets are shown as thin black lines. With f = 0 (no TTIQ) we expect
RrT1ig = R (upper grey line). We then vary each TTIQ parameter individually, keeping the
remaining four parameters fixed at the focal values. The upper panel shows the probability
parameters f and g, while the lower panel shows the parameters which carry units of time
(days). The critical threshold for controlling an epidemic is Rt7ig = 1 (lower grey line). We
fix the fraction of transmission that is attributed to asymptomatic infections to & = 20%.

intervention. Although quarantine of a traced contact occurs independently of
whether that contact will be symptomatic or asymptomatic, the probability that
the contact is identified in the first place depends on whether the infector is asymp-
tomatic or not. Hence, TTIQ will decrease in effectiveness as the fraction of trans-
mission that is attributable to asymptomatic individuals («) increases (Fig. S5A).
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Figure 5 Linear discriminant analysis (LDA) of the impact of TTIQ strategies on the repro-
ductive number Rrrjg. We fix the baseline R = 1.5 and & = 20%, and then we randomly
uniformly sample 10,000 parameter combinations from f € [0%,100%], § € [0%,1%],
A1 € [0,5] days, A, € [0,5] days, and T € [0,5] days. The reproductive number is cal-
culated for each TTIQ parameter combination, and the output (Rtrig) is categorised into
bins of width 0.1 (colour). We then use LDA to construct a linear combination (LD1) of the
five (normalised) TTIQ parameters which maximally separates the output categories. We
then predict the LD1 values for each parameter combination, and construct a histogram
of these values for each category. The lower panel shows the components of the primary
linear discriminant vector (LD1). By multiplying the (normalised) TTIQ parameters by the
corresponding vector component, we arrive at the LD1 prediction which corresponds to
the predicted reproductive number under that TTIQ strategy. Longer arrows (larger mag-
nitude components) correspond to a parameter having a larger effect on the reproductive
number. The distributions of parameters per categorised reproductive number is shown in
Fig. S7.

a04 4 Discussion

405 By combining empirically well-supported estimates of the infection timing of SARS-
406 CoV-2 with a simple model of transmission dynamics, we have calculated the im-
a07 pact of test-trace-isolate-quarantine (TTIQ) interventions against the spread of COVID-
a08 19. Under idealised conditions, testing & isolation plus contact tracing & quaran-
400 tine can prevent substantially more transmission that testing & isolation only. How-
410 ever, the effects of delays and inaccuracies in the TTIQ processes are compounded
a11 for contact tracing & quarantine, which ultimately relies on index case identifica-
a12 tion to be effective. If we ignore this compounding effect, then we would poten-
413 tially be overestimating the impact that contact tracing can have on transmission
414 reduction. Based on our systematic analysis, we find that the greatest improve-
415 ment to the TTIQ process would come from increased identification and isolation
416 of symptomatic index cases and reduction of delay between symptom onset and
a17 isolation. These parameters contribute to the direct reduction of onward infection
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a18 from an index case, and optimising them allows more contacts to be traced earlier.
410 Increasing the duration of the contact tracing window by looking back further
420 in time has limited return under our model of forward contact tracing (identifying
a21 who was infected by the index case). However, if we were interested in identifying
422 the source of infection (backwards contact tracing), then increasing the duration of
a23 the contact tracing window could lead to the identification of transmission clusters.
424 When comparing to the findings of Ferretti et al. (2020b), we find that contact
a25 tracing has less impact on epidemic suppression, and that the speed of contact trac-
426 ing is of secondary importance to the speed of isolating index cases. This difference
a27 can be attributed to Ferretti et al. (2020b)’s approach to model contact tracing and
428 isolation as independent events (i.e. tracing an index cases’ contacts says nothing
429 about whether the index case has been isolated), which leads to an overestimation
430 of contact tracing’s impact (Fraser et al., 2004).

431 In Kretzschmar et al. (2020) — this time with contact tracing dependent on test-
432 ing & isolation — they concluded that reducing the delay to isolation after symptom
433 onset has the greatest impact on TTIQ effectiveness. This conclusion was made
434 without systematic analysis of all parameters, and we now find that changing test-
435 ing & isolation coverage has a greater effect on transmission reduction.

436 Our approach and results are crucially dependent on the distribution of infec-
437 tion times (generation time and infectivity profile) and although we have used well-
438 supported estimates, there are inherent limitations to deriving these distributions
439 based on transmission pairs. These transmission pairs are representative of symp-
440 tomatic cases, but the infectiousness profiles for persistently-asymptomatic infec-
441 tions are as-yet unknown (Ferretti et al., 2020a). We have assumed that asymptomatically-
442 infected individuals have the same infection timing distributions as symptomatic
443 individuals, but any differences between the shapes of these profiles will lead to
444 different results in terms of transmission reduction. The uncertainty in the inferred
a4s infection timing distributions is carried through our analysis and is captured by the
446 confidence intervals shown in the figures and reported in the text. Furthermore, we
a47 do account for potential differences in the overall transmissibility between asymp-
448 tomatic and symptomatic individuals. It is possible that the 20% of infections that
249 are asymptomatic are responsible for less than 20% of transmission in the absence
450 of any TTIQ interventions. We show in the Appendix that TTIQ becomes more
a51 effective as asymptomatic transmission decreases. Therefore, our results could be
a52 underestimating TTIQ efficacy, to a small extent.

453 Our model is parametrised on distributions of the timing of transmission esti-
454 mated prior to the emergence of new, more transmissible variants. If new variants
455 simply have higher transmissibility — without changes in the timing of transmission
456 - our fundamental analysis remains the same. In this case, TTIQ may be insufficient
a57 to control the spread of highly-transmissible (higher R-value) new variants, as cap-
458 tured in Figs. 2 and 3. If the increased transmission of the new variants is due to
a50 a longer-lasting infectious period, then we expect TTIQ to be more efficient, as the
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460 additional transmission events are prevented by isolation and quarantine. If the
a61 new variants are more transmissible during early (presymptomatic) infection, then
a62 we expect the relative benefit of contact tracing over testing & isolating to increase.
463 In terms of modelling the TTIQ process, we have assumed that identified in-
a64 dex cases are isolated and have their contracts traced. If the index case fails to
465 adhere to the isolation protocol, then we will overestimate the amount of transmis-
466 sion prevented by isolation. However, uncertainty in whether contacts adhere to
a67 quarantine protocols, or whether contact tracers actually identify contacts, is cap-
468 tured in the parameter g. Lower adherence to quarantine or missed contacts due to
a69 overwhelmed contact tracers is captured by lowering g.

470 In our approach, we assume a baseline R that is defined in the absence of the
ar1 modelled TTIQ intervention (i.e no testing, isolation, or contact tracing). The em-
472 pirical value for this baseline R is not known, as observed values of the reproduc-
a73 tive number in most countries include the impact of the modelled intervention. In
a74 itself, this does not impact the result of our analysis: the impact of isolation re-
a75 mains higher than that of quarantine across different values of R (Fig. 3). However,
a76 in contexts where a large proportion of symptomatic individuals already isolate,
a7 the scope for increasing isolation may be limited. Under such circumstances, mass
a78 testing, if successfully followed by isolation, may be a promising intervention. This
a79 is supported by data on the effectiveness of mass testing interventions, for example
480 in Slovakia (Pavelka et al., 2021).

481 Here we have shown through systematic analysis how the TTIQ processes can
482 be optimised to bring the effective reproductive number below one. Crucially, con-
483 tact tracing & quarantine adds security to testing & isolating strategies, where high
484 coverage and short delays are necessary to control an epidemic. By improving the
485 testing & isolation coverage and reducing the delay to index case isolation, we can
486 greatly increase the efficacy of the overall TTIQ strategy.
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498 Appendix

490 Generation times, infectivity profiles, and incubation periods
500 In our branching process model, the time at which an infector transmits SARS-CoV-
501 2 to an infectee is determined from empirically-observed distributions. Concretely,
502 the time at which an identified index case developed symptoms, ts,, is known, but
503 the time at which they were infected, t, is generally unknown. Secondary contacts
504 will be infected by the index case at some time t, (f, > t;), and, if symptomatic,
505 will develop symptoms at time tg,. These timepoints are illustrated in Fig. S1A.
A incubation serial
h period Sy interval . .
infection
infector —# o —
i symptoms L ; ® symptom onset
; to infection | i
infectee 3 ®— time
generation }2 incubation I
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Figure S1 Empirical distributions for infection time and symptom onset. A) The time-
line of infection for an infector-infectee transmission pair. The infector (index case) is ini-
tially infected at time ¢, and after a period of incubation develops symptoms at time tg,.
The infectee (secondary contact) is infected by the infector at time t,, which can be before
(presymptomatic infections) or after (symptomatic infection) ts . The infectee then devel-
ops symptoms at time fs,. The generation time is then defined as ¢, — t; (the time between
infections), while the serial interval is defined as tg, — ts, (the time between symptom on-
sets). B) The generation time distribution [q(t|6;) = g(t2 — t1|6;)] follows a Weibull distri-
bution, and is inferred from the serial interval distribution (Ferretti et al., 2020a). C) The
infectivity profile [p(t|6,) = p(t2 — ts,|0,)] follows a shifted Student’s t-distribution, and is
also inferred from the serial interval distribution (Ferretti et al., 2020a). D) The distribution
of incubation times [k(t) = h(ts, — t1)] follows a meta-distribution constructed from the
average of seven reported log-normal distributions, as described in Ferretti et al. (2020a)
(Bi et al., 2020; Jiang et al., 2020; Lauer et al., 2020; Li et al., 2020; Linton et al., 2020; Ma
et al., 2020; Zhang et al., 2020).

506 The relationships between the times t1, ts,, t, ts, are determined by: the gen-
507 eration time distribution, g(t> — t1|6,;), describing the time interval between the
508 infection of an index case and secondary contact (Fig. S1B); the infectivity profile,
509 p(t2 — ts,]0), describing the time interval between the onset of symptoms in the
510 index case and infection of the secondary contact (Fig. S1C); and the incubation
511 period distribution, h(ts, — f1), describing the time between the infection of an in-
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512 dividual and the onset of their symptoms (Fig. S1D). For these distributions, we use
513 empirical estimates from Ferretti et al. (2020a). The parameters that define the gen-
514 eration time distribution, infectivity profile, and the incubation period distribution
515 are shown in Table S1.

Distribution Shape Properties Parameters

meanlog = 1.570, sdlog = 0.650 (Bi)
meanlog = 1.621, sdlog = 0.418 (Lauer)

Incubation mean = 5.723, meanlog = 1.434, sdlog = 0.661 (Li)

) Meta-log-  sd =3.450, -
period normal median = meanlog = 1.611, sdlog = 0.472 (Linton)
h(t) 4936 meanlog = 1.857, sdlog = 0.547 (Ma)

meanlog = 1.540, sdlog = 0.470 (Zhang)
meanlog = 1.530, sdlog = 0.464 (Jiang)
Generation Weibull mean = 5494, shape =3.277,scale = 6.127

time sd =1.845, me-

q(t6,) dian = 5.479

Infectivity  Shifted mean = -0.042, shift =-0.078, scale = 1.86, df = 3.35
profile Student’s  sd =2.876, me-

p(t]6,) t dian =-0.078

Table S1: Parameters of the distributions used in this work to describe the timing
of infection events. The meta-log-normal incubation period distribution is the av-
erage of seven reported log-normal incubation period distributions as described
by Ferretti et al. (2020a) (Bi et al., 2020; Jiang et al., 2020; Lauer et al., 2020; Li et al.,
2020; Linton et al., 2020; Ma et al., 2020; Zhang et al., 2020). The properties listed for
the incubation period distribution are the mean, standard deviation (sd), and me-
dian of this meta-log-normal distribution. The shifted Student’s t distribution for
the infectivity profile is defined in R by dt ((x-shift)/scale, df)/scale (Ferretti

et al., 2020a).

516 Asymptomatic vs symptomatic infections

517 We assume that a fraction a of all infections are persistently asymptomatic, with the
518 remainder being classed as symptomatic (which includes individuals that are pre-
519 symptomatic and post-symptom onset). Whether a new infectee is persistently-
520 asymptomatic or not is assumed to be independent of whether the infector was
521 persistently-asymptomatic or not. A meta-analysis has estimated a fraction a2 ~
522 20% of infections are asymptomatic (Buitrago-Garcia et al., 2020).

523 We now introduce parameters that describe the infectiousness of asymptomatic
524 or symptomatic individuals. An asymptomatic individual would infect an aver-
525 age of R, secondary contacts during their whole uninterrupted infectious period
526 (i.e. in the absence of any TTIQ intervention, but in the presence of non-modelled
527 interventions such as social distancing and hygiene protocols). A symptomatic in-
528 dividual will infect an average of Rs secondary contacts during their whole unin-
529 terrupted infectious period (i.e. no TTIQ). In general we have R, # R, and we
530 expect that R, < R; based on empirical observations (Buitrago-Garcia et al., 2020).
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531 We can define the average reproductive number in the absence of TTIQ as
R=aR,+ (1 —a)R,, (S1)
532 i.e. the average number of secondary infections per infected throughout the in-
533 fectious period. The fraction of transmission that is attributable to asymptomatic
534 individuals in the absence of TTIQ is then defined as
aR aR
n= ? =1 (52)
aR, + (1 —a)R R
535 Note that for R, = Rs (equal transmission from asymptomatics and symptomatics),
536 wehavea = a. For R, < Rs, wehavea < a. Asx must be a positive number, we can
537 bound the fraction of transmission from asymptomatic individuals in the absence
538 of TTIQ by the limits 0 < a < a.
539 Although we modify the relative infectiousness of asymptomatic versus symp-
540 tomatic individuals, we assume that the distribution of infection times is equal for
541 both classes.
42 Quantifying secondary infections under TTIQ

index case
identified and
isolated?

yes index case isolated at
1=ig+A4

index case
symptomatic?

1-f
no index case not
isolated (t = o0)

f

Figure S2 Flowchart for computing the number of secondary infections under testing &

isolation.
543 Consider an infected individual who develops symptoms of COVID-19 at time
544 ts,. The time at which this individual was infected, t; < tg,, is generally unknown.
545 Without any TTIQ intervention this symptomatic individual would contact and
546 infect R individuals during the course of the infection. The number of secondary
547 infections up to a time T; after developing symptoms would then be

T
R. /_ dty p(ts — ts,10,) = ReP(Ty — ts,16,), (S3)

548 where p(t|6,) is the infectivity profile and P(t|6,) = [ ioo dt’ p(t'(6,) is the cumula-

549 tive infectivity profile.

550 Infected individuals who develop symptoms and/or test positive for SARS-
551 CoV-2 should be isolated from the population. In our model this occurs in a fraction
552 f of symptomatic individuals who are then isolated at a time T; = ts, + A, where
553 A1 > 0 is the delay between symptom onset and isolation. The parameter A; can
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554 be interpreted as the delay of taking a test after symptom onset, waiting for the
555 result, and entering isolation, or alternatively as the delay between symptom onset
556 and self-isolation. The remaining fraction 1 — f of symptomatic individuals, along
557 with the asymptomatic individuals, are not isolated (T; — o0). We can compute
558 the expected number of secondary infections, 7, as a function of the asymptomatic
550 fraction a4, isolation probability f, and delay A, as shown in Fig. S2. We then have
na(f, 8110p) = aR, + (1 —a) [fP(Alwp)Rs +(1— f)Rs] , (54)
560 where the first term represents the secondary infections caused by asymptomatic
561 individuals (who cannot be isolated), the first term in the bracket represents the
562 secondary infections caused by symptomatic index cases prior to their isolation,
563 and the final term is the secondary infections caused by symptomatic individuals
564 who are not isolated. Now replacing aR, = aR and (1 —a)Rs; = (1 — a)R [from Eq.
565 (S2)], we can rearrange Eq. (54) to give
ma(f, al6p) = R[(1 = a) fP(8]6y) + (1= (1= a)f)]. (S5)

566 Quantifying tertiary infections under TTIQ

567 Each infected secondary contact has the potential to cause further infections, which
568 will be the tertiary contacts of the initial infected. The number of infections caused
569 by a secondary contact who is infected at t, and isolated at time T3, will be
T

R [ " disq(ts — t2]6y) = RuQ(T2 1ol (36)
570 where R, € {R;, R} is the number of infections per secondary contact during
571 the uninterrupted infectious period, t3 is the infection time of the tertiary contacts,
572 q(t|6;) is the generation time distribution, and Q(t|6;) = fot dt’ q(t'|6,) is the cu-
573 mulative generation time distribution. Note that we use the generation time distri-
574 bution here, as our reference point is the time of infection (t;), whereas in Eq. (S5)
575 the reference point was the time of symptom onset (ts,).
576 Under TTIQ interventions, the symptomatic index and secondary cases can be
577 isolated following a positive test result after symptom onset. If an index case is
578 confirmed positive, then contact tracing can be used to identify and quarantine in-
579 dividuals who have recently been exposed to the confirmed case. Quarantining
580 these individuals prevents the onward infection of tertiary contacts (Fig. 1B). Im-
581 portantly, whether an individual is quarantined is independent of symptom status.
582 We introduce three further parameters to quantify contact tracing and quarantine:
583 i) T > 0, the duration of lookback prior to symptom onset of the index case in
584 which contacts are traced; ii) 0 < ¢ < 1, the probability to identify and quarantine
585 a secondary contact that was infected within the contact tracing window; and iii)
586 Ay > 0, the delay between isolating the index case and quarantining the identified
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587 secondary contacts.
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(t = o0)
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Figure S3 Flowchart for computing the number of tertiary infections under TTIQ.

588 There are many permutations of events that contribute to the number of tertiary
589 infections under TTIQ, as shown in Fig. S3. The index case may not be detected due
590 to being asymptomatic (a), or being symptomatic but not tested ((1 —a)(1 — f)),
591 and hence contact tracing is not possible. If the index case is symptomatic and
592 detected ((1 — a)f), then a fraction g of the secondary contacts that were infected
503 within the contact tracing window (ts, — T < t, < tg, + A1) are quarantined at time
594 ts, + A1+ Az (as shown in Fig. 1B of the main manuscript). The remaining fraction
595 1 — g of secondary contacts, as well as the secondary contacts that were infected
596 outside of the contact tracing window (t» < ts, — T), are not quarantined. However,
597 the non-traced contacts may themselves become symptomatic and, after testing,
598 become index cases that are isolated at time ts, + A1, where tg, is the symptom onset
599 time of the secondary case. By considering these different scenarios, we arrive at
600 an expression for the number of tertiary infections per index case under TTIQ,

7’13(f, Al/ T/g/ A2|t51/ tSZI 9;7/ 9(]) =

ts, +40
Rs(1— a)fg/t 1 | dizp(tr — t5,[0)RQ(ts, + A1+ A2 — boffy) +
S17

ts,+M

Ri(1—a)f(1—g) / dtz p(ts — ts,0,)P(f, ts, + A1 — t2]6y)+ (S7)

tslfT
tslfT
Rs(1—a)f /_oo dtz p(t2 — ts,|0p)9(f, ts, + A — £2|04)+
[aR; + (1 —a)Rs(1 — f)] /_"; dtz p(t2 — ts,|0p)9(f, ts, + A1 — 12|0g),

601 where the shorthand

(f, ts, + A — 12|6p) = [aRa 4+ (1 — a)Rs (fQ(ts, + A — £2]6,) + (1 — £))]  (S8)
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is the expected number of onward infections caused by each non-quarantined sec-
ondary contact. Each row in Eq. (57) corresponds to: i) tertiary infections caused
by secondary contacts prior to their quarantine; ii) tertiary infections caused by
secondary contacts who could have been quarantined but were not; iii) tertiary
infections caused by secondary contacts who were infected before the quarantine
window, and hence are not quarantined; iv) tertiary infections caused by secondary
contacts who were infected by non-identified index cases.

We now have to average Eq. (S7) over tg, to obtain the expected number of
tertiary infections per index case under TTIQ. We first note that t5, = t, 4 v for

incubation period v > 0. Hence we can write
(Qlts, +d1-tal0))) = [ dvn(mQ(r+ailey), 59)
S

where (1) is the incubation period distribution. We define the quantity

J(A169) = <Q(tsz + A — tzleq)> : (S510)

t52

Note that we have assumed the independence between symptom onset and infec-
tivity, which may lead to an overestimation of the fraction of tertiary infections
prevented.

Keeping ts, fixed as the reference time point, averaging Eq. (57) over tg, gives

the expected number of tertiary infections per infected under TTIQ:
n3(frAl/T/g/A2|9p/6q) ==
A
R(1—a)fgR [ d¥ p(t(6,)Q(a1 + 83 — ¥]6)+
-7
R(1=a)f(1=g)[P(A1]0p) = P(=716p)] [aRa + (1= a)Rs(f](A116) + (1= )] +

Ry(1 —a) fP(—7(0,) [aRq + (1 — a)Rs (F](M]65) + (1= f))] +

[aR + (1 = a)Rs(1 = f)] [aRa + (1 — a)Rs (f](D1]65) + (1 = £))],
(S11)

where we have substituted t' = t, — tg, such that

t51+A1 A
/t L dtaplta—15,10,)QUts, + 81+ B2 — ba|6y) = /_ At p(¥'10,)Q(A1 + Ay — ]0,).
] (512)
Now replacing aR, = aR and (1 —a)R; = (1 — «)R [from Eq. (S2)], Eq. (S11) can
be further simplified to
n3<flA11 ng/AZ‘QpIGq) =
A
RA1=a)fg [t p(¥]6,)Q(01+ A — ¥]6))+
R*[(1—a)f (1~ g)P(M]0y) + (1 — ) fgP(=T]6y) + (1= (1 —a)f)] x
(1= @) f](A]6y) + (1 — (1 =) f)].

(S13)
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621 Finally, in the absence of contact tracing (¢ = 0) Eq. (S13) can be simplified,
622 such that the number of tertiary infections per infected under testing & isolation
623 only is given by

n3(f, M0y, 6;) = R?[(1—a) fP(A1]6,) + (1 — (1 —a)f)] x

(514)
[(1—a)f](A1]69) + (1 — (1 —a)f)].
624 From Egs. (S13) and (S14), we observe that the parameter f is always coupled
625 to 1 — a. We could therefore define a new parameter ¢ = (1 — «) f as the fraction of
626 all infecteds that are isolated (as opposed to f which is the fraction of symptomatic
627 infecteds isolated) to simplify our expressions. However, we choose to keep « and
628 f explicitly in the calculations for clarity.
629 As a final point, we could repeat the derivation of Eq. (5§13), but this time only
630 consider the number of tertiary infections that were caused by an asymptomatic
631 secondary contact. L.e. we can calculate how much transmission is attributable
632 to asymptomatics versus symptomatics in the presence of TTIQ. This leads to the
633 expression
néasymp) <f/ Al/ T, g/ Az‘ep/ Qq) —
[
aR2(1 —oc)fg/ d' p(F10,) QA1 + Ay — £'|6,)+ (S15)
J =T
aR?[(1—a)f(1 = g)P(M0p) + (1 — &) fgP(—76y) + (1 — (1 - a)f)].
634 Reproductive number under TTIQ
635 For our branching process model, we define the reproductive number as
Tl3<f, Al/ T, 8 A2|9pr Gq)
R = , S16
TTIQ n2(f, 510,) (S16)
636 where ny [Eq. (S5)] and n3 [Eq. (S13)] are the expected number of tertiary and
637 secondary infections per infected, respectively. In other words, we define the re-
638 productive number as the average number of infecteds in the third generation per
639 infected in the second generation. It is necessary to work with the third generation
640 (as opposed to just the first and second generations) as this is where the impact of
641 contact tracing and quarantine is first observed.
642 Likewise, in the presence of testing & isolation only (i.e. no contact tracing &
643 quarantine), the reproductive number is given by

R = na(f,8110p) (17)

644 where 13 is now given by Eq. (514).
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45 Confidence intervals

646 The primary sources of uncertainty in the outcomes of this model come from the
647 generation time distribution and infectivity profile, which are inferred from em-
648 pirical serial interval distributions (Ferretti et al., 2020a). Following Ferretti et al.
649 (2020a), we use a likelihood ratio test to extract sample parameter sets for each
650 distribution that lie within the 95% confidence interval.

651 Concretely, we first identify the maximum likelihood parameter sets 8, and 9,1
652 for the infectivity profile and generation time distribution, respectively. We then
653 randomly sample the parameter space of each distribution, and keep 1,000 param-
654 eter sets whose likelihood satisfies In £(0) > In L’,(é) — An/2, where A, is the 95%
655 quantile of a x? distribution with n degrees of freedom. The infectivity profile is
656 described a shifted Student’s t-distribution, which has n = 3 parameters, while the
657 generation time is described by a Weibull distribution with n = 2 parameters.

658 We then use these sampled parameter sets to generate Ryrig, and the extrema
659 across all of these parameter sets determines the 95% confidence interval for the
660 reproductive number under TTIQ. We need to use and combine estimates of both
661 6, and 6;. We assume parameter independence, and keep all (6, 6,) combinations

662 whose joint likelihood satisfies In £(6,) +In £(8;) > In £(,) +1In L(6,;) — A5/2.

663 Impact of asymptomatics

664 The relative contribution to transmission of asymptomatics versus symptomatics
665 is captured by the parameter &, which we define as the fraction of transmission at-
666 tributable to asymptomatic individuals in the absence of TTIQ [Eq. (S2)]. This frac-
667 tion is difficult to estimate empirically. However, it has been observed that approx-
668 imately 20% of infections are asymptomatic, and that asymptomatically-infected
669 individuals have a lower risk of onward transmission (Buitrago-Garcia et al., 2020).
670 Hence we expect a to lie somewhere in the region 0% < a < 20, but with substan-
671 tial uncertainty in this estimate.

672 By varying a in our model, we can observe how TTIQ effectiveness depends on
673 the amount of asymptomatic transmission. In Fig. 54, we show that idealised TTIQ
674 (and also just testing & isolation alone) is maximally effective when « = 0 (i.e. no
675 transmission from asymptomatic individuals). The reason for this is that identify-
676 ing index cases underlies all TTIQ processes, and identification is only possible if
677 individuals are symptomatic.

678 Even for imperfect TTIQ interventions with inaccuracies and delays, the frac-
679 tion of transmission attributable to asymptomatics plays an important role in the ef-
680 fectiveness TTIQ. Under testing & isolation alone, the effective reproductive num-
681 ber Rty increases linearly with «, while with additional contact tracing & quarantine
682 the increase is super-linear (Fig. S5A).

683 Finally, we note that TTIQ leads to an increase in the fraction of transmissions
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Figure S4 The maximum baseline R-value that can be suppressed by TTIQ interventions,
as a function of the fraction of transmission that is attributable to asymptomatics x. As
& — 100%, no infecteds develop symptoms and hence no cases are isolated and no contact
tracing occurs. In this case, TTIQ has no effect and epidemics are only suppressed if the
baseline R-value is already below one. To achieve the maximum level of suppression, each
symptomatic individual (f = 100%) would have to isolate immediately at symptom onset
(A1 = 0 days), which represents the upper limit of testing & isolation performance. With
additional contact tracing, we assume that g = 100% of contacts of the symptomatic cases
who were infected up to T = 5 days before symptom onset are quarantined immediately
(A = 0 days). Shaded regions are 95% confidence intervals, representing the uncertainty
in the inferred generation time distribution and infectivity profile.

684 that are attributable to asymptomatics, when compared to this fraction in the ab-
685 sence of TTIQ (Fig. S5B). This is because the transmission due to symptomatics
686 is lowered by testing & isolation, but transmission due to asymptomatics is un-
687 touched. Furthermore, additional contact tracing & quarantine does not affect this
688 fraction as it prevents transmission equally from asymptomatic and symptomatic
689 individuals, hence the lines in Fig. S5B are overlapping.
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Figure S5 A) The impact of the level of asymptomatic transmission on the reproductive
number Rrrjg. Here we consider imperfect TTIQ interventions, with f = 70%, A} = 2
days, A; = 1 day, T = 2 days, and a baseline reproductive number of R = 1.5. These
parameters are equivalent to those used in Fig. 4C, along with ¢ = 50%. Here we also
consider ¢ = 0% (testing & isolation only) and g = 100% (all traced contacts are quaran-
tined). Shaded regions are 95% confidence intervals, representing the uncertainty in the
inferred generation time distribution and infectivity profile. B) The fraction of Ryrig from
panel A that is attributable to asymptomatic infection, as described by Eq. (S15). The diago-
nal grey line represents the fraction of transmission attributable to asymptomatics without
TTIQ interventions. Hence, the TTIQ intervention increases the fraction of transmission
that is attributable to asymptomatics. The lines for testing & isolation only, g = 50%, and
g = 100% are overlapping.

690 Quarantine vs isolation
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Figure S6 The fraction of prevented transmission that can be attributed to quarantine,
rather than isolation. Let Rrrig(g) be the reproductive number in the presence of TTIQ
interventions in which a fraction g of contacts of identified index cases are quarantined.
In the absence of TTIQ measures, we expect a reproductive number of R. We then define
Y(g) = R — Rrrig(g) as reduction of transmission due to TTIQ, and Y(0) = R — Rr7ig(0)
as the reduction of transmission due only to isolation (i.e. no contact tracing & quar-
antine). We then define the fraction of prevented transmission due to quarantine as
[Y(g) —Y(0)]/Y(g), which we plot as a function of g. We vary the fraction of symptomatic
index cases that are isolated f (colour), and we fix A} = A; = T = 2 days. We further fix
the fraction of transmission that is attributed to asymptomatic infections to & = 20% and
R = 1.5 (although the fraction shown is independent of R). Above the horizontal line, more
transmission is prevented by quarantine than by isolation.

601 Linear discriminant analysis (LDA)
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Figure S7 The distributions of (normalised) parameters per categorised group of Rrriq as
used in the LDA analysis in Fig. 5. We uniformly sample 10,000 parameter combinations
from f € [0%,100%], g € [0%,100%], A; € [0,5] days, A, € [0,5] days, and T € [0,5]
days. The reproductive number Rrryq is calculated for each parameter combination and
categorised into bins of width 0.1 (colour). The upper row shows how many parameter
combinations resulted in each category of Rrrig. The next five rows show how the pa-
rameters are distributed within each category, while the horizontal bar shows the median
parameter value. We fix R = 1.5 and a = 20%.
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Figure S8 Impact of varying the range from which we sample time-dependent parameters
on the LDA output. Each bar represents the magnitude of the components of the primary
linear discriminant vector (LD1) for each parameter (colour).
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