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Abstract

Covid-19 mitigation commonly involves social distancing. Due to its high economic toll and
its impact on personal freedom, we need to ease social distancing and deploy alternative
measures, while preventing a second wave of infections. Bluetooth app-based contact tracing
has been proposed, focusing on symptomatic cases and isolating their contacts. However, this
approach would miss many transmissions by asymptomatic cases. To improve effectiveness of
app-based mitigation, we propose to complement contact tracing with Smart Testing relying
on Contact Counting (STeCC). STeCC focuses virus RNA testing to people with exceptionally
high numbers of contacts. These people are at particularly high risk to become infected (with
or without symptoms) and transmit the virus. Mathematical modeling shows that a mitigation
strategy combining STeCC and contact tracing in one app will be more efficient than contact
tracing and works when =50% (instead of >60%) of the total population participate. Similarly,
it requires 50-100 fold less tests than randomized virus testing alone. These gains in efficiency
may be critical for success. STeCC could be integrated in the current Bluetooth tracing apps.
Thus, STeCC is technically feasible and can reduce the pandemic’s reproduction number by
2.4-fold (e.g. from Ro=2.4 to Re=1) with realistic test numbers (=166 per 100'000 people per
day), when a realistic fraction of the population would use the app (i.e. =50% in total
population). Thereby, STeCC efficiently complements the portfolio of mitigation strategies,
which allow easing social distancing without compromising public health.

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.
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Introduction

The Covid-19 pandemic has evaded initial containment measures. Current responses have
therefore shifted towards mitigating the effects. However, proven vaccines and therapies are
lacking and the current capacity for detecting the virus via its genomic RNA is limited!. Thus,
mitigation in many countries relies on a broad portfolio that includes not only hygiene
measures, but also physical distancing (termed social distancing, hereafter) to reduce
transmission, diagnosing virus (SARS-CoV?2) infections in infected people showing mild to
severe symptoms and tracing of their recent contacts. In combination, these measures slow
down pandemic spread and help to avoid overburdening healthcare systems by easing the
demand for intensive care. However, this strategy has two major shortcomings. First, it leaves
many infected people with mild or no symptoms undetected?, and therefore renders them more
likely to infect others. Second, as social distancing measures limit non-essential business, it
imposes severe economic consequences, which worsen over time. A broad social-distancing-
based approach is therefore not sustainable, but mitigation measures need to stay in place until
effective therapies or vaccines become available to avoid a second wave of virus spread. As
these options are still months to years away, we need to consider alternative mitigation
strategies.

Smartphone apps for Bluetooth-based contact tracing, such as the Swiss D3-PT, the
British NHSX or the European PEPP-PT project can help to identify individuals that have
recently had an infection-relevant contact (i.e. one that confers a risk of transmission) with
known Covid-19 cases and might therefore have been infected. Self-quarantine of these
contacts can help to mitigate the pandemic®*. However, the efficiency of this approach is
limited by app-related features (e.g. the percentage of users in the population, efficiency in
identifying infected people, efficiency in identifying relevant contacts), and by uncertainties
about important epidemiological characteristics of the virus (e.g. the virus' epidemic doubling
time, the fraction of pre-symptomatic and asymptomatic cases, and their infectiousness).
Infected people who are not showing symptoms are particularly important: for example, the
study of the COVID-19 outbreak in the municipality of Vo’, Italy conducted by Lavezzo et
al.>, performed two virus tests two weeks apart, and observed that 43.2% of infected people
were asymptomatic and that their viral loads were as high as symptomatic cases. Contact
tracing of symptomatic cases by Bluetooth apps or traditional methods would have missed
these cases and failed to detect and quarantine their contacts. Infectiousness of asymptomatic
cases has been estimated to be between 10% and 100% of symptomatic cases*® (based on
differences in viral load), and the fraction of asymptomatic cases has been reported to be
between 11.5% and 43.2% of all infected cases®®. Asymptomatic cases are therefore a
particular problem, as app-based contact tracing detects such cases insufficiently and thereby
reduces the efficiency of this approach (Fig. S5). Therefore, we have looked for ways to
improve the efficiency of this approach. We focused on testing for virus RNA, a marker for
active infections with or without symptoms (Fig. 1, highlighted in dark or light blue).

Results

First, we asked how well mass testing random samples of the population could work.
In theory, this can be achieved by testing large fractions of the population at regular intervals,
and isolating people who test positive. Using a deterministic modeling approach that explicitly
considers infected cases with and without symptoms, we can estimate how many tests per
100’000 people per day would suffice to achieve the same effect as current social distancing
measures which have reduced the basic reproduction number of the pandemic Ry from 2.4-3 to
an effective reproduction number Rer of less than 1, e.g. in Germany or Switzerland (*19; for
technical details, see supplementary text, table S2). We will first present our findings and
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100  then discuss how testing could be realistically implemented, i.e. by combining it with app-
101  based technologies.

102 To estimate how mitigation strategies affect Refr, we use a mathematical model that
103 employs a set of ordinary differential equations to describe the dynamics of the infection of a
104  susceptible population (Fig. 1, supplementary text section 1, Fig. S1, table S1). To obtain
105  realistic simulations, we parametrize our model using published data (%!!'16; table S2;
106  supplementary text section 2). Infection of susceptible people will lead to a latency phase
107  (Fig. 1, exposed). The exposed will later become transmissive, and either remain asymptomatic
108  and recover or become pre-symptomatic and later develop mild symptoms (Fig. 1, dark blue;
109  see parameters in table S2). These two transmissive groups do not know that they are infected,
110  and remain unidentified in current mitigation approaches. Some people with mild symptoms
111 of disease will self-isolate (Fig. 1, light blue). Due to self-isolation, they will have a reduced
112 probability to infect others (we assume a 90% reduction). Infected people with severe
113 symptoms are hospitalized, immediately isolated under strict quarantine and do not infect
114  others (Fig. 1, light blue). The same applies for anyone else who is tested virus-positive. In
115  addition, we consider the effect of overloading the health care system. After all intensive care
116  units (ICUs) are occupied, additional cases requiring intensive care will suffer an elevated
117  death rate (Fig. 1; supplementary text, section 2). As our model consists of a set of ordinary
118  differential equations, which become linear in the early stages of the pandemic (when nearly
119  the whole population still is susceptible), we can now analytically test how particular mitigation
120  strategies affect Refr (Supplementary text, sections 3, 4 and 5).

121 In order to compare different mitigation strategies to a baseline, we first describe what
122 the model predicts if we omit any mitigation. Here, we assume a value for Ro (the basic
123 reproduction number in the unmitigated case) that is in the mid-range of published estimates,
124 i.e. that one infected person infects 2.4 others in average (Ro=2.4; Fig. 2A; alternative Ro values
125  are tested in Fig. S2A,B). Under these circumstances, 87% will either recover or die from the
126  disease within =250 days, which compares well to the 81% predicted by Ferguson et al.® for
127 UK and US populations in the absence of mitigation plans. We also predict more than 4% of
128  the population to be killed by the virus, and ICUs to be at maximum capacity for =150 days of
129  that year. For the unmitigated case these numbers are going to change only by 2-fold or less, if
130  alternative plausible values are assumed for Ro (1.9 or 2.9; Fig. S2A,B) or for the availability
131  of ICU beds (Fig. S2C). Thus, our basic predictions are robust, even if input parameters for
132 the virus infection dynamics (table S2) might be subject to change when more precise
133 parameters became available. Please note that Fig. 2A depicts the worst-case scenario, which
134 can be improved by mitigation.

135 We then compare the effects of extreme social distancing with those of extensive mass
136  testing. Extreme social distancing is imposed for a period of 150 days (day 50-200 of the
137  pandemic), reducing Resrto 0.7 (table S1). This is achieved if the rate of infection of susceptible
138  people is reduced by 71% (Fig. 2B; data for Reg=1, as recently achieved or surpassed in
139  Switzerland'® and other European countries, is shown in Fig. S4A). In line with current
140  observations, extreme social distancing dramatically decreases the fraction of people
141  experiencing an infection and reduces the number of deaths in our model (<0.0001% in Fig.
142 2B), at least if social distancing is initiated early on (e.g. by day 50) and strictly adhered to for
143 months. The fraction of the infected population declines during extreme social distancing. This
144 s in line with other modeling studies®*. However, once these measures are abandoned, the
145  infection starts spreading again, leading to a similar death toll and ICU overloading as in the
146  case without mitigation (Fig. 2B, days 200-600).

147 Next, we analyze a mitigation strategy that is based on mass testing alone
148  (supplementary text section 3). We would test random samples of the population with
149  concomitant isolation of detected cases. The test is assumed to take one day to process, to yield

3


https://doi.org/10.1101/2020.03.27.20045237

medRxiv preprint doi: https://doi.org/10.1101/2020.03.27.20045237; this version posted October 30, 2020. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in
perpetuity.
All rights reserved. No reuse allowed without permission.

150 5% false negative results (discussed below), which is technically reasonable, and to result in
151  immediate quarantine of the virus-positive cases. Figure S3A shows the factor by which Refr
152 changes as a function of number of tests and for different test processing times; the same is
153  shown in Fig. S3B for a higher false negative rate. Again, we assume that the mitigation
154  strategy is implemented during days 50-200 of the pandemic. Applying 37'300 tests per
155 100'000 people per day yields the same outcome as extreme social distancing (Rer=0.7; Fig.
156  2C, compare to Fig. 2B; supplementary text section 3 for details). Reducing the mass testing
157  to 12'600 tests per 100'000 people per day is sufficient to keep the number of infections constant
158  (Rer=1, Fig. S4B) and yields equivalent results as a moderate form of social distancing (Fig.
159  S4A). Both interventions can dramatically slow the epidemiological dynamics, but similarly to
160  the previously discussed social distancing, the number of infections and deaths will start to rise
161  again after the testing regime is abandoned (Fig. 2C, days 200-600).

162 It is easy to see that both, mass testing and social distancing, can have qualitatively
163  identical effects on the epidemiological dynamic, but they work differently. Social distancing
164  decreases the overall infection rate by reducing the freedom of movement for all, whereas mass
165  testing will allow us to limit the isolation to the infected fraction of the population that would
166  transmit the virus. The latter would have the important advantage of inflicting much smaller
167  burdens on the economy than social distancing, as far smaller fractions of the population need
168  to be isolated. However, the number of tests we predict to be necessary to reach Res<1 (12'600
169  tests per 100'000 people per day; Fig. S4B) is clearly unrealistic for now, and >50-fold above
170  the current testing capacities even of countries with highly developed and well-funded
171  healthcare systems. Optimizing the test specificity or the test speed changes the required
172 number of tests by merely <2-fold (Fig. S3). Thus, mass testing alone is not an option.

173 Next, we analyzed mitigation strategies combining virus testing with other measures.
174 This should reduce the number of tests needed to achieve Resr <1. First, we tested a mitigation
175  strategy combining mild social distancing, which reduces the infection rate by 33% (this would
176  yield Rer=1.6, if applied alone; table S1), and mass testing (assumed test speed = 1 day, 5%
177  false negatives). This may approximate a scenario where mass testing is applied to balance the
178  effects of easing current social distancing measures. Using this combined strategy, we would
179  require 4'500 tests per 100'000 people per day to reach Rer=1 (Fig. 3A). However, this still
180  exceeds the current test capacities.

181 An additional mitigation measure is serological testing to identify the subpopulation
182  that has already recovered from the disease and is now immune'”. This could be combined with
183  mass testing to reduce the number of tests by removing the immune subpopulation from the
184  pool of candidates to be tested. However, we are still at a stage of this pandemic where the
185  fraction of immune people is likely quite small (see Fig. 2A). Therefore, serological testing
186  could only minimally reduce the number of needed tests per 100'000 people per day. In no way
187 are we implying, however, that serological testing is not useful: especially in the case of
188  healthcare workers, and other essential personnel that is in close contact with the public, it is
189  of great value to know who is immune to the disease. Also, serological testing could
190  complement mitigation at later phases of such an epidemic when larger fractions of the
191  population have become immune (Fig. 2A; >10% immune or deceased beyond day 140).

192 Finally, we assessed how virus testing could be combined with Bluetooth-based tracing
193  applications (e.g. D3-PT, NHSX or PEPP-PT), which are designed to identify individuals who
194 had recent contacts with infected people and might therefore be infected, too. Contact tracing
195  alerts the detected contacts to encourage isolation or virus testing. However, this strategy leaves
196  room for improvement, as it misses most transmission events by asymptomatically infected
197  cases, pre-symptomatic cases and cases with mild symptoms that remained undetected (Fig. 1,
198  dark blue; Fig. S5, supplementary text section 4). We explored a complementary approach
199  that uses information from tracing apps to develop a smart testing strategy. In theory, smart
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200 testing would use additional information to focus virus tests on subpopulations having a higher
201  prevalence than the overall population. This would include asymptomatic cases, pre-
202  symptomatic cases, symptomatic cases, and their contacts. We will first analyze the theoretical
203  principle and then discuss a practical implementation.

204 For smart testing to work, two crucial requirements must be fulfilled. The prevalence
205  in the tested subpopulation has to be high enough, so that a limited number of tests will suffice
206  to detect the necessary number of infected people. Furthermore, the traced subpopulation
207  featuring the desired prevalence has to be large enough. We describe the detailed derivation of
208  the corresponding mathematical expressions in the supplementary text section 5. Smart
209 testing alone can substantially reduce the number of virus tests needed to achieve Res=1 (Fig.
210 3B, dashed blue line). In fact, if we assume that smart testing identifies a subpopulation with
211  27-fold higher prevalence than the overall population, we can achieve Rer=1 with 475 tests per
212 100’000 per day (Fig. 3B, dashed blue line, green dot) and thus keep the number of infections
213 constant as long as smart testing is maintained (Fig. 3C, days 50-300). Fewer tests would be
214  needed, if we could further increase the virus prevalence in the tested subpopulation (or identify
215 people with a higher than average chance to transmit the virus). Alternatively, one could
216  combine smart testing with mild social distancing, e.g. to stop a surge of incidence when strong
217  distancing measures are eased. For example, if social distancing would reduce the infection
218  rate by merely 33%, we would only need 167 tests per 100’000 per day to reach Res=1 (Fig.
219 3B, red line, green dot). Sufficient testing capacity for this combined strategy would already
220  be available today in several European countries. We conclude that smart testing could work:
221 it could achieve the same result as mass testing (Fig. S4B), but with much fewer tests (Fig.
222 3B).

223 Can we use Bluetooth-based tracing apps for identifying high prevalence
224 subpopulations? A first attempt at achieving this would be an adaptation of app-based contact
225  tracing to identify individuals with recent infection-relevant contact to detected Covid-19
226  cases®*. This contact subpopulation should have a higher prevalence than the overall population.
227  However, such a "trace+test" approach is still limited by its focus on contacts of symptomatic
228  individuals (while contacts to asymptomatic cases are missed), as well as the virus' infection
229  and transmission dynamics (for details, see the supplementary text section 6). Contact tracing
230  as a selection procedure for smart testing will therefore suffer from the same limitations as
231  contact tracing itself.

232 As many asymptomatic SARS-CoV2 carriers contribute to the transmission, we
233 reasoned that smart testing should cover symptomatic and asymptomatic cases, alike. To solve
234  this problem, we suggest a different strategy for identifying high-prevalence subpopulations.
235  Importantly, this can be achieved using the same Bluetooth based technology as contact
236  tracing. Our strategy relies on the fact that some individuals will have many more infection-
237  relevant contacts than most others'®. For example, with realistic scale-free network model
238  assumptions, =1% of the population with the most infection-relevant contacts (at least 10 times
239  more than the average) would make the difference between Rer=1 and Ro=2.4 (see
240  supplementary text section 6). These individuals can be identified by counting of infection-
241  relevant contacts (i.e. contacts which could facilitate transmission), regardless, if contacts were
242 infected or not. Their sheer number of contacts makes high-contact individuals much more
243 likely than others to become infected and to transmit the virus, and they are known to be highly
244 important for epidemiological dynamics (', referred to as super-spreaders). To test if smart
245  testing with contact counting (STeCC; Fig. 4A) works in realistic scenarios, we used a scale
246  free network model, which can account for the heterogeneity of the number of contacts in a
247  population (supplementary text section 6). The fraction of app-users in the population will
248  also affect the success of STeCC. We assume that children under age 10 contribute little to
249  transmission in the general population 22! and would not use smartphones, as suggested by
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250  others 3. High-risk persons (i.e. >70 years old; 20% of the overall population) would remain
251  shielded in isolation for safety reasons and would therefore not contribute to the infection
252 dynamics. People aged 10-70 (in particular the high-contact subgroup) would use smartphones,
253  and we assessed how their app-usage would affect mitigation.

254 Then, we tested three different scenarios how STeCC could be implemented to reach
255  Res=1. We used a progressive testing cycle, as testing the same high-contact individuals every
256  day would seem unrealistic. On the first day, based on the number of available tests, we would
257  identify the optimal subgroup with the highest frequency of infection-relevant contacts, and
258  invite them to be tested (Fig. 4B; dark blue; supplementary text section 6). During the next
259  days, we would repeat the same procedure, but exclude the groups previously identified. After
260 7 days, we would begin the cycle again and identify the optimal high-contact group from the
261  entire susceptible population. Using this testing cycle, we observed that STeCC alone could
262  reduce Refr, but cannot reach Rer=1 with realistic numbers of app-users and tests per day (Fig.
263  S6). Next, we assessed a STeCC strategy, which would refer two groups of people to
264  quarantine, i.e. the high-contact individuals that tested positive and their recent contacts. This
265  strategy would reach Rer=1, if 90% of smartphone users would use the app (63% of the overall
266  population) and =397 tests per 100'000 people per day were carried out (Fig. 4C, red lines).
267  Finally, we tested a combination of the latter STeCC approach with Bluetooth app-based
268  contact tracing (similar to %), which may be possible using the same data. This would refer
269  three groups of people to quarantine, i.e. the high-contact individuals testing positive, their
270  recent contacts and the contacts of symptomatic individuals. If 72% of smartphone users would
271  use the app (=50% of the overall population) we would need =166 tests per 100'000 people per
272 day to reach Rer=1 (Fig. 4D, red lines). This testing capacity is currently available in several
273 European countries, like Switzerland. Please note that our example in Fig. 4D assumes an
274  Ro=2.4,if no mitigation was applied. An identical 2.4-fold reduction is achievable for any other
275  basic virus reproduction rate, as long as 72% of smartphone users would use the app and =166
276  tests per 100'000 people per were carried out. We have conducted sensitivity studies to study
277  effects of the false negative rate, network parameters, test processing times and Ro. In all
278  considered variations, STeCC with contact tracing could achieve Res=1 with reasonable
279  fractions of app-users and test numbers (see supplementary text section 6). This strategy is
280  always more efficient that app-based contact tracing or randomized virus testing alone. Thus,
281  STeCC with contact tracing could add to any mitigation policy.

282

283

284  Discussion

285 What are the advantages of a STeCC-based mitigation strategy? First, it includes

286  detection and removal of asymptomatic and pre-symptomatic cases and their contacts. This
287  increases the efficiency of app-based approaches. For example, in contrast to contact tracing
288  alone (Fig. S6), the combination with STeCC would work when >72% of the smartphone users
289  (=50% of the overall population) would use the app, or if unfavorable assumptions about the
290  pandemic's parameters would turn out to be true (Fig. S8). This synergy is attributable to the
291  different selection processes of both approaches. Furthermore, STeCC could be implemented
292  within the same apps as developed for contact tracing. In supplementary text, section 7, we
293  are suggesting one possible implementation. This could offer additional choices for app-based
294  mitigation, i.e. the parallel use of STeCC and contact tracing, which is particularly powerful
295  (Fig. 4D). As STeCC focusses on a small high-contact group, it works with relatively small
296  numbers of tests and would only quarantine those that are virus positive (and their contacts,
297 e.g. Fig. 4C,D). It is realistic given the available test capacities in several countries and would
298  affect smaller fractions of the population than other mitigation strategies (i.e. contact tracing
299  or social distancing). Thereby, STeCC will enhance the impact of Bluetooth-based tracing
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300 applications. Due to its key function in virus transmission, the identified high-contact subgroup
301  would also be a promising priority for vaccination, once limited supplies of a vaccine become
302 available.

303 What are the limitations of STeCC? First, we cannot exclude that some assumptions
304  used in our model may be too optimistic or that more precise information might be derived
305 later from alternative, more detailed simulation approaches. The percentage and infectiousness
306  of asymptomatic cases, and the distribution of contacts in the population would have the
307  biggest impact. However, modeling the impact with less favorable parameters verified that
308  STeCC would still provide substantial benefits (Fig. S7, Fig. S8). Second, false positive virus
309 tests might dilute the ability to detect positive cases if the virus prevalence is very low. Third,
310  contact counting has not been a focus during the development of Bluetooth-based proximity
311  testing applications. Thus, small, but doable adaptations might be needed, in order to enable
312 efficient detection and notification of high-contact individuals (supplementary text, section
313 7).

314 Strict social distancing has been successful in achieving Res<I in many countries, but
315  at a high economical and societal cost. Easing of these measures is presently being discussed
316  or implemented. However, if a large fraction of the population has remained susceptible, a
317  second wave of disease is bound to occur in the absence of effective alternative mitigation
318  strategies. We suggest using a combination of contact tracing and STeCC, as a simple
319  mitigation approach which relies on identifying high-contact individuals, testing them for
320 infection, and quarantining positive cases. STeCC requires the same information as contact
321  tracing (a list of unique contacts in a given period of time), and can be implemented using the
322  same information as the contact tracing apps that are currently being developed or already in
323  use. STeCC would be achievable using a number of tests that is realistic today in several
324  European countries, and can be achieved in many others with appropriate efforts.

325 STeCC adds to the portfolio of mitigation strategies for the Covid-19 pandemic, and
326  complements approaches like classic contact tracing, hygiene measures, randomized testing of
327  cohorts of interest, or other surveillance tools. It could be deployed quickly in countries with
328 sufficient testing capacities like Switzerland (capacity =230 tests per 100'000 per day). A
329  combination with contact tracing might be particularly powerful. Our study provides
330  quantitative estimates for the number of tests needed by starting out with realistic assumptions
331  about the relevant parameters, like number of app users. Once STeCC is applied, one can adjust
332 the strategy flexibly in order to ensure the desired performance. STeCC offers a realistic
333  approach to help relaxing broad social distancing policies in the near future without
334  compromising health, while at the same time providing public health officials with much
335  needed actionable information on the success of their interventions. This will be an important
336  prerequisite for reclaiming our normal public life and initiating economic recovery.

337

338

339  Materials and Methods:

340  The dynamic model was implemented with Maple 2018. The calculations for mass testing,
341  contact tracing and smart testing were implemented with MATLAB and the Statistics

342  Toolbox Release 2018b. The corresponding codes are available on GitHub via

343  https://github.com/gorjih2/STeCC_preliminary.

344
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406

407  Figure Captions:

408

409  Figure 1. Graphical illustration of the modeling approach showing the dependencies within
410  the system describing the dynamics of the susceptible, undetected and detected infected
411  populations. It is crucial that the model distinguishes between individuals detected by
412  symptoms (light blue), and those detected by virus testing.

413

414  Figure 2. Social distancing and extensive mass testing alone have qualitatively equal
415 mitigating effects. We used the model described in the supplementary text. (A) Model
416  outcome if no mitigation strategies are in place (Ro=2.4; see table S3 for additional input
417  parameters). (B) Model outcome if extreme social distancing (71% lower infection rate, leading
418  to Res=0.7; table S2) is in place between days 50 and 200 of the outbreak. After day 200, social
419  distancing is discontinued. (C) Model outcome if mass testing with isolation of detected cases
420  is applied between days 50 and 200 of the outbreak (as shown in A). The shown effect is
421  achieved if 37°300 people per 100’000 are tested every day (5% false negative rate; test speed
422 =1 day). Tables S2 and S3 show all other model parameters. Testing is discontinued after day
423 200. Dashed blue lines represent recovered plus infected plus deceased, dashed-dotted green
424  lines infected, and solid red lines deceased people. Lower panels show the same data as upper
425  panels, but with a logjo-scale for Y-axes.

426

427  Figure 3. Effective combinations of mass testing with other mitigation strategies can be
428  achieved with realistic numbers of tests. (A) A combination of mild social distancing (33%
429  reduction in infection rate; Rer=1.6 if it were applied alone) and mass testing (4'500 tests per
430 100’000 per day; false negative rate = 5%; test speed = 1 day) during days 50-300 can reduce
431  Rerrto 1. (B) Smart selection of the tested subpopulation reduces the required test numbers, if
432  additional information allows identifying a subpopulation with higher than average infection
433 prevalence (details, below). The Y-axis shows the factor by which the infection prevalence
434  increases in the tested subpopulation. This will reduce the required number of tests (X-axis).
435  Blue dashed line: smart testing alone is used to achieve Rer=1 (if Ro=2.4 for the case without
436  mitigation); red solid line: smart testing combined with mild social distancing (33% reduction
437  in infection rate by social distancing). Green and red points illustrate examples discussed,
438  below. (C) The same effect as in A can be achieved with smart testing, assuming that we can
439  find a subpopulation with a 27-fold increased infection prevalence. Here, we need 475 tests per
440 100’000 per day to reach Res=1 (green dots in panel B). (A,C): Dashed blue lines: recovered
441  plus infected plus deceased; dashed-dotted green lines: infected; solid red lines: deceased
442  people. Inserts show the same data, but with a linear scale for Y-axes. All presented cases
443  assume false negative rate = 5%; test speed = 1 day.

444

445  Figure 4. STeCC can help to achieve Rer=1 using a realistic number of tests and realistic
446  rates of app-usage. (A) STeCC approach vs contact tracing. Contacts of a focal individual are
447  logged using software. Using contact tracing, all contacts would be quarantined if the focal
448  individual shows symptoms. Using STeCC, the focal individual is tested for infection if their
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449  contacts exceed a threshold number (e.g., if they visit a sporting event and a bar, in addition to
450  being at home and at work), and quarantined if tested positive. (B) Progressive test cycling
451  approach. Example for 80% app users among smart-phone owners and the availability of 165
452  tests per 100'000 people per day. (C) Covid-19 mitigation by STeCC alone with quarantine of
453  contacts of virus-positive cases. Graph showing how the number of tests per 100'000 per day
454  relates to the percentage of app users. We assume Ro=2.4, test speed of 1 day, immediate
455  notification and quarantine, false negative ratio 5%, asymptomatic cases (1/3 of all) are 50%
456  as infective as symptomatic cases. Solid line: values to achieve Ref=1; dashed line: values to
457  achieve Res=0.8; dashed dotted line: values to achieve Rer=1.2. (D) Covid-19 mitigation by
458  combining STeCC with app-based contact tracing. Graph showing how the number of tests per
459  100'000 per day relates to the percentage of app users. We assume Ro=2.4, test speed of 1 day,
460 immediate notification and quarantine, false negative ratio 5%, asymptomatic (1/3 of all) are
461  50% as infective as symptomatic cases. Solid line: values to achieve Re=1; dashed line: values
462  to achieve Rer=0.8; dashed dotted line: values to achieve Re=0.6. The coloring indicates the
463  achievable Rerr with the respective mitigation strategy in place (see supplementary text,
464  sections 6).

465

466

467  Supplementary Materials:

468

469 1. Supplementary Text describing the mathematical modeling approaches.

470

471
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