
 Open access  Posted Content  DOI:10.1101/2020.08.17.20176255

Effects of case- and population-based COVID-19 interventions in Taiwan
— Source link 

Ta-Chou Ng, Hao-Yuan Cheng, Hsiao-Han Chang, Cheng-Chieh Liu ...+5 more authors

Institutions: National Taiwan University, Centers for Disease Control and Prevention, National Tsing Hua University,
Yale University

Published on: 19 Aug 2020 - medRxiv (Cold Spring Harbor Laboratory Press)

Topics: Population

Related papers:

 Proactive and blended approach for COVID-19 control in Taiwan.

 Adoption and impact of non-pharmaceutical interventions for COVID-19 [version 1;peer review: awaiting peer review]

 Effect of lockdown interventions to control the COVID-19 epidemic in India

 
Estimating worldwide effects of non-pharmaceutical interventions on COVID-19 incidence and population mobility
patterns using a multiple-event study.

 A Decision Analytic Approach for Social Distancing Policies During COVID-19 Pandemic

Share this paper:    

View more about this paper here: https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-
38lcdaxh6m

https://typeset.io/
https://www.doi.org/10.1101/2020.08.17.20176255
https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-38lcdaxh6m
https://typeset.io/authors/ta-chou-ng-3kf5ia94k3
https://typeset.io/authors/hao-yuan-cheng-25tepr57rp
https://typeset.io/authors/hsiao-han-chang-1k0et51w0l
https://typeset.io/authors/cheng-chieh-liu-3ezjh91l8p
https://typeset.io/institutions/national-taiwan-university-2rx6qi8g
https://typeset.io/institutions/centers-for-disease-control-and-prevention-3rh7fgqk
https://typeset.io/institutions/national-tsing-hua-university-28827c61
https://typeset.io/institutions/yale-university-sbbuxg8k
https://typeset.io/journals/medrxiv-3o5ewbzz
https://typeset.io/topics/population-3rqw3kx3
https://typeset.io/papers/proactive-and-blended-approach-for-covid-19-control-in-n0m3qxk3j3
https://typeset.io/papers/adoption-and-impact-of-non-pharmaceutical-interventions-for-8mu4da9u80
https://typeset.io/papers/effect-of-lockdown-interventions-to-control-the-covid-19-2wj421auf2
https://typeset.io/papers/estimating-worldwide-effects-of-non-pharmaceutical-471ghxhdj1
https://typeset.io/papers/a-decision-analytic-approach-for-social-distancing-policies-39u7va8krs
https://www.facebook.com/sharer/sharer.php?u=https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-38lcdaxh6m
https://twitter.com/intent/tweet?text=Effects%20of%20case-%20and%20population-based%20COVID-19%20interventions%20in%20Taiwan&url=https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-38lcdaxh6m
https://www.linkedin.com/sharing/share-offsite/?url=https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-38lcdaxh6m
mailto:?subject=I%20wanted%20you%20to%20see%20this%20site&body=Check%20out%20this%20site%20https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-38lcdaxh6m
https://typeset.io/papers/effects-of-case-and-population-based-covid-19-interventions-38lcdaxh6m


 1 

Effects of case- and population-based COVID-19 interventions in Taiwan 

 

Ta-Chou Ng, BSc;1* Hao-Yuan Cheng, MD, MSc;2,3* Hsiao-Han Chang, PhD;4 Cheng-Chieh Liu, MSc;1 

Chih-Chi Yang, MSc;1 Shu-Wan Jian; DVM, MPH; 2 Ding-Ping Liu; PhD;2,5 Ted Cohen, MD, DPH;6 

Hsien-Ho Lin, MD, ScD1,7 

*Contributed equally 

1. Institute of Epidemiology and Preventive Medicine, National Taiwan University College of 

Public Health, Taipei, Taiwan 

2. Epidemic Intelligence Center, Taiwan Centers for Disease Control, Taipei, Taiwan 

3. Department of Pediatrics, National Taiwan University Children’s Hospital, Taipei, Taiwan 

4. Institute of Bioinformatics and Structural Biology, National Tsing Hua University, Hsinchu City, 

Taipei 

5. National Taipei University of Nursing and Health Sciences, Taipei, Taiwan 

6. Department of Epidemiology of Microbial Diseases and the Public Health Modeling Unit, Yale 

School of Public Health, New Haven, Connecticut, USA 

7. Global Health Program, National Taiwan University College of Public Health, Taipei, Taiwan 

 

Correspondence to: 

Hsien-Ho Lin, MD, ScD, Professor, Institute of Epidemiology and Preventive Medicine, College of 

Public Health, National Taiwan University, 17 Xuzhou Rd, Rm 706, Taipei 10055, Taiwan.  

E-mail: hsienho@ntu.edu.tw. Tel: +886-2-33668023. Fax: +886-2-33668023. 

 

 

 

 

  

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted August 19, 2020. ; https://doi.org/10.1101/2020.08.17.20176255doi: medRxiv preprint 

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

https://doi.org/10.1101/2020.08.17.20176255
http://creativecommons.org/licenses/by-nc-nd/4.0/


 2 

Summary  

In the first wave of the COVID-19 pandemic, broad usage of non-pharmaceutical interventions played a 

crucial role in controlling epidemics1–6. However, the substantial economic and societal costs of 

continuous use of border controls, travel restrictions, and physical distancing measures suggest that these 

measures may not be sustainable and that policymakers have to seek strategies to lift the restrictions. 

Taiwan was one of the few countries that demonstrated initial success in eliminating the COVID-19 

outbreak without strict lockdown or school closure. To understand the key contributors to the successful 

control, we applied a stochastic branching model to empirical case data to evaluate and compare the 

effectiveness of more targeted case-based (including contact tracing and quarantine) and less targeted 

population-based interventions (including social distancing and face mask use) in Taiwan. We found that 

case-based interventions alone would not be sufficient to contain the epidemic, even in a setting where a 

highly efficient contact tracing program was in place. The voluntary population-based interventions have 

reduced the reproduction numbers by more than 60% and have likely played a critical role at the early 

stage of the outbreak. Our analysis of Taiwan's success highlights that coordinated efforts from both the 

government and the citizens are indispensable in the fight against COVID-19 pandemic. 

 

Introduction  

While the coronavirus disease 2019 (COVID-19) outbreaks currently show no signs of deceleration in the 

Americas, Africa, and Southeast Asia7, some countries successfully contained the first wave of the 

outbreak with the use of strong interventions such as strict lockdowns and border closures2–5,8. Taiwan 

was initially considered a high-risk country for the COVID-19 outbreak, given its close relationship with 

China economically and geographically. Nevertheless, six months after the outbreak, Taiwan has one of 

the lowest per capita incidence and mortality rates of COVID-19 in the world, and no local cases were 

confirmed between early April and mid-August9. Notably, the containment of COVID-19 in Taiwan was 

achieved without strict lockdown or school closure.10 

 

To prevent the healthcare system from being overwhelmed, Taiwan implemented the “containment-as-

mitigation” or elimination strategy during the early phase8,11. This approach included border control, case-

based interventions targeting COVID-19 patients, and population-based measures targeting the general 

public11,12. The case-based interventions included case detection and isolation through sensitive 

surveillance systems, contact tracing of confirmed cases to early detect secondary cases among close 
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contacts, and 14-day quarantine of close contacts (regardless of symptoms). The population-based 

measures included (mostly voluntary) face mask use, personal hygiene, and physical distancing10,13. 

 

Despite Taiwan's initial success, it remains unclear which components among these various interventions 

contributed significantly to containment. Better understandings of the intervention effectiveness would 

not only help the preparedness for the next wave but also assist with phased control measures, especially 

during re-opening1–3,14. This post hoc evaluation is particularly crucial as strict border control and drastic 

physical distancing has considerable short-term and long-term socio-economic repercussions. Several 

modeling studies examined the effectiveness of case-based or population-based interventions. However, 

most of them focused on the “what-if” analyses through simulating hypothetical scenarios without 

empirical linkage to specific real-world settings and primary data14–18. Using the epidemiological data and 

detailed contact tracing information in Taiwan, we applied a stochastic branching model with two-stage 

calibration to evaluate the effective reproduction number under case-based interventions (R_c), 

population-based interventions (R_p), and both (R_pc) and to quantify the impact of case-based 

interventions and population-based measures on the containment of the epidemic. 

 

Results 

Epidemiology and transmission dynamics of COVID-19 in Taiwan 

The epidemic started with few imported cases from China, leading to non-sustained local transmission 

during January–February 2020 (Fig 1a). In March, a surge of imported cases mainly from North America 

and Europe caused sporadic local transmission. The capacity of laboratories testing for COVID-19 with 

reverse transcription-polymerase chain reaction (RT-PCR) was initially low and thus diagnostic testing 

was limited to symptomatic presumptive cases with relevant travel or contact history (Fig 1a)11 The 

criteria of notification and testing were gradually expanded to include individuals with respiratory or 

alarming symptoms, with an overall test positive rate of 0.61% by June 1. 

 

We analyzed the epidemiological and contact tracing data of 158 confirmed cases to estimate the 

incubation period, serial interval, and onset-to-isolation interval (Methods)19. The estimated mean 

incubation period and mean serial interval was 5.50 (95% credible interval [CrI]: 1.06–13.45) and 5.86 

(95% CrI: -0.64 to 21.51) days, respectively (Fig. 1b). The mean onset-to-isolation interval was 5.02 

(95% CrI: -0.81 to 20.51) days, with a decreasing trend over time (Fig. 1c). By fitting the stochastic 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted August 19, 2020. ; https://doi.org/10.1101/2020.08.17.20176255doi: medRxiv preprint 

https://doi.org/10.1101/2020.08.17.20176255
http://creativecommons.org/licenses/by-nc-nd/4.0/


 4 

branching model to the observed serial intervals (Methods), we estimated that 52% (95% CrI: 39–67%) of 

transmission events occurred during the pre-symptomatic stage.  

 

Effects of case-based interventions  

We used the fitted stochastic branching model and parameter values estimated from the empirical data to 

simulate the potential impact of case-based interventions (Table 1 for parameter values, Supplementary 

Notes for details of cased-based interventions). We found that the combination of case detection, contact 

tracing, and 14-day quarantine of close contacts (regardless of symptoms) could lower the reproduction 

number under case-based interventions (R_c) from the counterfactual value of 2.50 (R0) to 1.25 (95% CrI: 

1.22–1.28) (Fig. 2a). With 100 initial cases introduced to the community (i.e., cases escaping from border 

control and quarantine), the estimated probability of epidemic extinction was 0% (95% CrI: 0–0%). In the 

one-way sensitivity analysis, the value of onset-to-isolation interval had the most significant impact on 

the R_c, followed by the incubation period, the proportion of pre-symptomatic transmission, and the 

counterfactual R0 (Extended Data Fig. 1). Notably, the extinction probability was consistently 0% when 

the counterfactual R0 was set to 2–3. When the onset-to-isolation interval was shortened to the lowest 

biweekly value of 2.5 days observed in Taiwan (Fig. 1c), the R_c was 1.04 (95% CrI: 1.01–1.07), and the 

extinction probability was still 0% (95% CrI: 0–0%). 

 

Among the different case-based interventions, quarantine of contacts contributed the most to the reduction 

of R_c (Fig. 2a). The case-based interventions had only limited impacts on secondary transmissions, but 

tertiary and quaternary transmission events could still be reduced (Fig. 2b), and resulted in a lower 

probability of asymptomatic transmission (Fig. 2c).   
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Table 1. Parameters for the branching process model 

Fixed parameter Point estimate  Range for one-way 

sensitivity analysis 

Source/ Notes 

Incubation period, days 5.50   1.06–13.45 Estimated directly from data 

(Supplementary Methods) Onset-to-isolation interval, 

days 

5.02  -0.81 to 20.51 

Probability of being 

asymptomatic 

0.15  0.04–0.41 Extracted from literature20,21. 

Relative transmissibility of 

asymptomatic case 

0.5  0–1 

Probability of case 

detection  

0.95  0.75–1 Assumed based on local data 

(Supplementary Notes) 

Probability of contact 

ascertainment  

0.9  0.75–1 Assumed based on local data 

(Supplementary Notes) 

Duration of 

quarantine, days 

14  Local policy 

Backtracking days for 

quarantined contacts, days 

4  

Fitted parameter Prior  Posterior estimate 

(95% CrI) 

 

Probability of pre-

symptomatic transmission  

Uniform (0.01–0.99) 0.52 (0.39–0.67) Estimated in stage-1 model 

fitting (Supplementary 

Methods) Standard deviation of the 

generation interval, days 

Uniform (0.001–5) 2.69 (1.87–3.79) 

Reproduction 

number,  R_p 

Uniform (0.1–3.0) 
0.70 (0.52–0.90) 

Estimated in stage-2 model 

fitting (Supplementary 

Methods) 
Dispersion parameter Uniform (0.001–50) 

19.20 (1.02–48.8) 
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Fig. 1 Epidemiological characteristics and parameters of the coronavirus disease 2019 in Taiwan, 

January 10–June 1. (a) The epidemic curve, number of diagnostic tests, and the time-varying 

reproduction number (b) Distribution of the incubation period, the serial interval, and the onset-to-

isolation interval. The points and the intervals represent the mean estimates and the 2.5 and 97.5 

percentiles of the estimated distribution. The shaded areas represent the mean estimation of the interval 

distribution (c) Box-plot of the distribution of the onset-to-isolation interval by onset date. Central lines 

indicate the median, boxes indicate upper and lower interquartile ranges, whiskers indicate the upper and 

lower adjacent values (within 1.5-fold the interquartile range), and isolated points indicate outliers. 
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Fig. 2 Impact of different combinations of case-based interventions on the effective reproduction 

number (R_c) and transmission of COVID-19 using the fitted stochastic branching model. Results 

were based on 1000 stochastic simulations under the counterfactual R0 value of 2.50 and 100 

introductions. (a) Estimated R_c (red dots) and extinction probability (black dots). (b) The probability of 

subsequent transmission from an index case. (c) The probability of subsequent transmission from any 

asymptomatic case in the transmission network. N: no case-based intervention; D: case detection; T: 

contact tracing, Q7/Q14: quarantine of contacts for 7 or 14 days. 

 

 

Extended Data Fig. 1 Tornado diagrams from the one-way sensitivity analysis on the effects of case-

based interventions. (a) The effective reproduction number under case-based interventions. (b) The 

extinction probability. The blue bars represent the change in the measured outcome when the 

corresponding parameter value decreased; the red bars represent the change when the parameter value 

increased. The tuning ranges of the parameters are shown next to the bars. 

 

Effects of population-based interventions  

Since case-based interventions alone were not sufficient, population-based interventions must also have 

contributed to the containment. We firstly fitted the model to the observed cluster size distribution to infer 

the reproduction number under population-based interventions only (R_p), assuming a uniform prior 
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distribution (0.10–3.00) of R_p. The posterior estimate of R_p was 0.70 (95% CrI: 0.52–0.90), suggesting 

a 62%, 69%, and 75% reduction when the counterfactual R0 was 2.00, 2.50, and 3.00 respectively 

(Extended Data Fig. 2). The posterior estimate of R_pc using the fitted model was 0.49 (95% CrI: 0.41–

0.59), which was similar with the R_pc directly estimated from the average size of clusters (R_pc: 0.36 

[95% CrI: 0.14–0.50]). We note that this estimation procedure of R_p and R_pc was not influenced by the 

value of counterfactual R0. 

 

Because the population-based interventions would have collateral impacts on other respiratory 

infections6,22, we quantified the real-time reproduction number (Rt) of influenza during the COVID-19 

epidemic in Taiwan based on time-series data of influenza cases with severe complications (a notifiable 

condition in Taiwan), the consultation frequency of influenza-like illness, and the proportion of influenza-

positive specimens among the samples of patients with respiratory infection. In this analysis, we found an 

early and sustained decline of cases in the 2019–20 season compared to the 2017–18 and 2018–19 

seasons (Fig. 3a, Extended Data Table 1). The estimated Rt of influenza in 2020 dropped from 0.87 on 

January 21 (when the first case COVID-19 was reported) to 0.20 one month later, corresponding to a 77% 

decline. Analysis of estimated influenza incidence showed a similar pattern, with a 46% Rt reduction 

from 1.07 on January 21 to 0.58 after January 21 (Fig. 3b).  

 

Joint effects of case-based and population-based interventions 

We projected the epidemic curve with 100 initial cases under different scenarios using the fitted model 

(R0: 2.5, R_c: 1.25, R_p: 0.70, R_pc: 0.49). The case-based interventions could partially suppress the rate 

of increase, but exponential growth would continue and the daily number of new cases would rise to 

5,617 (95% CrI: 3,265–8,335) by day 60 (Fig. 4a). In contrast, we estimated that the effects of 

population-based interventions would be sufficiently large to control the epidemic and lead to local 

extinction, provided that behavioral changes could be maintained. Combining case-based and population-

based interventions would more quickly control the epidemic and provides insurance in case of lapses. 

We further estimated the probability of successful COVID-19 containment in Taiwan with case-based 

interventions under different values of R_p and initial numbers of introductions (representing variation in 

the prevalence of infection in travelers and the effectiveness of border controls with corresponding 

quarantine requirement) (Fig. 4b). When the number of introductions was set to greater than 100, R_p had 

to be kept below 1.6 to achieve an extinction probability of at least 90%. If R_p was greater 2.5, it would 

be impossible to rely only on case-based interventions to contain the outbreak (extinction probability: 0) 

even when the number of introductions was small.  
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Extended Data Fig. 2 Model fitting to the observed cluster sizes. (a) The posterior distribution of the 

effective reproduction number under population-based interventions (R_p). (b) The posterior distribution 

of the dispersion parameter. (c) The convergence plot of the sequential Monte Carlo algorithm, with the 

median Kolmogorov–Smirnov (KS) statistics as the distance measure. (d) The observed cluster sizes and 

the simulated cluster size distribution by the fitted model (100 times of simulation). 
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Extended Data Table 1. The estimated real-time reproduction number (Rt) of influenza in Taiwan 

on January 21, February 4, and February 18, 2018–2020. The daily incidence of influenza was 

derived from the notified influenza patients with severe complications or an estimated overall number of 

medical visits cases due to influenza-like illness.  

 Notified severe influenza Estimated total influenza 

Year January 21 February 4 February 18 January 21 February 4 February 18 

2018 1.01 

(0.92–1.16) 
1.09 

(0.95–1.24) 
0.89 

(0.77, 0.99) 
0.97 

(0.96–0.99) 
1.01 

(1–1.03) 
0.98 

(0.96–1) 
2019 0.95 

(0.82–1.08) 
1.07 

(0.91–1.18) 
0.96 

(0.84, 1.06) 
0.92 

(0.91–0.94) 
1.01 

(0.99–1.04) 
1.07 

(1.05–1.09) 
2020 0.87 

(0.77–0.98) 
0.79 

(0.65–0.92) 
0.2 

(0, 0.43) 
1.07 

(1.06–1.09) 
0.72 

(0.71–0.74) 
0.58 

(0.54–0.61) 

 

Fig. 3 The incidence and real-time reproduction number (Rt) of influenza in Taiwan, 2018–2020. (a) 

Estimates from the notified number of severe influenza with complications. (b) Estimates from the overall 

influenza cases derived from influenza-like illness consultation rate and the positive rate from laboratory 

testing for influenza (Supplementary Methods). The gray bars represent the number of weekly incidence 

cases, and the red lines represent the Rt with 95% confidence intervals in the shaded area. Thirty days 

before and after (yellow and blue background) January 21, the date of the first SARS-CoV-2 infection 

confirmed in Taiwan, was highlighted. 
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Fig. 4 Projections and joint effects of case-based and population-based interventions on probability 

of epidemic extinction. (a) The projected epidemic curves with 100 initial introductions under different 

scenarios regarding the intervention being implemented. The four scenarios included: (i) no intervention, 

(ii) case-based interventions only, (iii) population-based interventions only, and (iv) combining both case-

based and population-based interventions. We assumed a sensitivity of 95% for case detection, an 

ascertainment probability for contact tracing of 90%, and a 72% reduction in background R0 by 

population-based interventions (R0: 2.5, R_p: 0.7). The uncertainty intervals were calculated by the 2.5th 

and 97.5th percentiles from 1000 replicate simulations. (b) The probability of epidemic extinction using 

case-based interventions (detection, contact tracing, and 14-day quarantine of close contacts) under 

different levels of population-based interventions (R_p) and initial numbers of introductions. Each cell 

presents the estimated probability of extinction based on 100 replicate simulations using the stochastic 

branching model. 

Discussion 

Using a flexible modeling approach that incorporated multiple sources of primary data, we estimated and 

compared the impact of case-based and population-based interventions in Taiwan. We found that case-

based interventions alone were not sufficient to contain the epidemic, even in a setting where the public 

health and healthcare system was not yet overwhelmed, and a highly efficient contact tracing program 

was in place. We also found that the mostly voluntary population-based interventions reduced the 

reproduction numbers by more than 60% and played a crucial role in the containment in Taiwan. Our 

analysis of Taiwan's success highlights that coordinated efforts from both the government and the citizens 

are indispensable in the fight against COVID-19 pandemic. 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted August 19, 2020. ; https://doi.org/10.1101/2020.08.17.20176255doi: medRxiv preprint 

https://doi.org/10.1101/2020.08.17.20176255
http://creativecommons.org/licenses/by-nc-nd/4.0/


 12 

 

Previous modeling studies showed promising effectiveness of contact tracing with corresponding 

management of contacts (either quarantine or active monitoring) in settings with well-functioning public 

health programs like Taiwan15–17. However, our results suggested that even in a well-prepared setting, 

contact tracing alone would fail to eliminate an epidemic when multiple introductions were likely. This 

discrepancy is driven primarily by the growing understanding of the role of pre-symptomatic transmission 

and the challenge this presents for shortening the delay from symptom onset to isolation. The 

effectiveness of contact tracing depends on the timeliness of case detection and implementing 

corresponding quarantine for high-risk contacts16. When the timeliness of case-based interventions has 

been optimized, the remaining transmissions can be blocked only by implementing more generalized non-

symptom-based approaches. According to our analysis of local data, the mean onset-to-isolation interval 

was around five days in Taiwan. This relatively long delay compared to the short serial interval suggests 

the virus usually had already been transmitted in the community by the time locally-acquired infections 

were detected. Therefore, population-based interventions should be prioritized over case-based 

interventions, even in settings where case-based interventions are feasible. That said, we did find case-

based interventions to have significant impact on their own, and they provide additional assurance that the 

epidemic can be controlled and brought to extinction more quickly and reliably than under use of only 

population-based interventions.  

 

On the other hands, we found that population-based interventions played a major role in containment. A 

meta-analysis of 172 observational studies in healthcare and non-healthcare settings revealed that physical 

distancing, face mask use, and eye protection were significantly associated with reduced COVID-19 

transmission at the individual level23. The population-level effects of these interventions were assessed by 

other scenario-based analyses without empirical evaluation3,15–17,24 Our study is among the very few that 

directly and empirically evaluated the population-level impact. In Taiwan, several essential practices have 

been in place after the 2003 SARS outbreak and 2009 H1N1 pandemic. For example, face mask use was 

common among people with respiratory symptoms, and school children were advised to avoid attendance 

when fever developed. Protocols of class/school closure in response to an outbreak were also developed 

and implemented. These existing practices may contribute to the resilience of the society against 

respiratory infection outbreaks22. 

 

This study provides crucial insights into the role of different control measures at different stages and 

settings. Border control with corresponding quarantine for entering travelers may be an option to limit the 

epidemic in the beginning by reducing the number of introductions, especially in certain contexts (e.g., 
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island nations like Taiwan and New Zealand)8.  In Taiwan, the quarantine requirement for travelers 

returning from other countries after March 21 effectively limited the number of introductions in the 

community. However, the effect of border control with quarantine would be quickly diminished when the 

number of introductions exceeds 100 (Fig. 4b), and this has important implications for the possibility of 

new epidemics in places like Taiwan that have achieved successful control over the first wave. This 

finding might also explain the resurgences that occurred in Hong Kong, Vietnam, and New Zealand when 

travel restrictions were lifted after a period of epidemic25,26. With a sufficiently large number of 

introductions, the probability of local transmission is high, and containment efforts should shift toward 

suppressing local transmission using both case-based and population-based interventions. Our analysis 

revealed that blended approaches could reliably result in epidemic extinction, even when the number of 

introductions is high. When discussions on re-opening borders to boost economic growth raise, our results 

suggest that travel restrictions may be judiciously lifted only when other effective interventions can be 

maintained. The stringency of border control can be calibrated by pre- or post-arrival testing and entry 

quarantine, depending on the infrastructure capacity of individual countries and the number of COVID-19 

cases that can be managed by local public health and healthcare system. 

 

We note an interdependency between case-based and population-based interventions15. For example, 

contact tracing and quarantine would be increasingly difficult in practice when the number of cases 

surges. In this case, the intensity of population-based interventions has to be strengthened to compensate 

for the decreased efficiency of case-based interventions. On the other hand, if the population-based 

interventions can effectively suppress local transmission, it would require less effort from the public 

health workforce to contain the community outbreak. Nonetheless, maintaining behavioral changes and 

adopting the new normal is challenging in many places27. Since the health behaviors may change rapidly 

over time, monitoring these behaviors in the community would be informative6. In our analysis, we 

explored the potential of using influenza activity as a proxy indicator to monitor the Rt28. Continuous 

measurement of the implementation and impacts of case-based and population-based interventions would 

help to calibrate the efforts in contact tracing and quarantine and to reserve the precious public health 

resources. 

 

One limitation of this study is that we could not directly estimate the “counterfactual” R0 in the absence of 

any interventions since the majority of case-based and population-based interventions were triggered soon 

after the outbreak begun. Nonetheless, our main conclusions were robust within the range of commonly 

reported R0 values of 2–3. Additionally, the analysis of cluster size distribution relied on the assumption 

of complete information of all clusters. If small clusters were more likely to be missed by surveillance and 
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contact tracing, the estimated reproduction number (R_pc) would have been lower, and the impact of 

population-based intervention would have been larger.  

 

Conclusion 

Through the analysis of a presumably high-risk country, we found that the combination of case-based 

interventions from an effective public health system and voluntary behavioral changes in a vigilant 

population likely contributed to the initial success of epidemic control. Notably, case-based interventions 

alone may not be sufficient to contain COVID-19, given the significant role of pre-symptomatic 

transmission. Population-based interventions were the key to success in our setting. Still, the longer-term 

sustainability and generalizability of these behaviors (e.g., face mask use) to other settings must be 

assessed. 

Methods  

Data  

Case series data of SARS-CoV-2 infections in Taiwan were collected from the official website of Taiwan 

Centers for Disease Control (TCDC) and reviewed by TCDC officers to clarify missing information. All 

the cases were confirmed by RT-PCR tests using one of the following clinical specimens: nasopharyngeal 

swab, throat swab, expectorated sputum, or lower respiratory tract aspirates29. Cases were isolated 

immediately after being notified to Taiwan CDC.  

 

We analyzed the epidemiological and contact tracing data to capture the transmission dynamics of 

COVID-19 in Taiwan19. Starting March 21 all inbound passengers (citizens and eligible non-citizens) to 

Taiwan were required to undergo a 14-day quarantine upon entry, and nearly all confirmed cases 

afterward were imported and were diagnosed during the quarantine period (Supplementary Notes). We, 

therefore, enrolled locally-acquired cases, epidemiologically-confirmed clusters, and imported cases who 

entered Taiwan before March 21 and excluded the returnees who were tested at the airport or diagnosed 

during home quarantine (final sample size: 158 cases with 3154 contacts).  

 

The stochastic branching process model 

We adapted the stochastic branching process model developed by Hellewell, et al17. The model generated 

transmission trees by drawing the number of secondary cases, based on the reproduction number and the 

dispersion parameter. Transmission either occurred or prevented, depending on the comparison between 
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the sampled generation interval and the isolation or quarantine period of the index case (Extended Data 

Fig. 4). We parameterized the distribution of generation interval as a skewed normal distribution centered 

at each index case's onset time to avoid discordant incubation period and generation interval. The shape of 

generation interval distribution was determined by the proportion of pre-symptomatic transmission and 

the standard deviation of generation interval. Distributions of the incubation period, serial interval, and 

onset-to-isolation interval were independently estimated from data using Bayesian hierarchical models (as 

described in Supplementary Method 1, Supplementary Table 1 for details of the branching model and 

parameterization). 

 

Extended Data Fig. 4 Examples of the effects of case detection, contact tracing, and quarantine. Case A 

and A* demonstrate the effect of mere detection, which can only prevent the transmission once the active 

cases are tested and isolated. That is, the active cases can transmit the disease during their incubation and 
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delay of case detection. Case B and B* demonstrate the effect of detection plus tracing (without 

quarantine), where case B was successfully traced and onset within a buffer period. Therefore, case B was 

immediately isolated when the source was detected. Detection plus tracing can prevent transmission 

during the delay of case detection. Case C and C* demonstrate the combined effect of detection, contact 

tracing, and quarantine. Only in this scenario that transmission during the incubation period can be 

prevented. We assume that there is no delay between testing and isolation, the buffer of contact tracing to 

be one day, and the same effect of quarantine and isolation. Besides, asymptomatic cases are never 

detected or traced but could be quarantined and have lower transmissibility. 

 

Parameter estimation and model fitting  

We estimated the unknown key parameters by fitting the branching model to empirical data using two-

stage calibration with the sequential Monte Carlo algorithm15,30. In the first stage, the model was fitted to 

the observed serial intervals to estimate the proportion of pre-symptomatic transmission and the standard 

deviation of generation interval. In the second stage, the model was fitted to the cluster size distribution 

(for all epidemiologically-linked clusters) to estimate the reproduction number under population-based 

measures only (R_p) (see below). A wide uniform distribution was assumed as the prior for each 

estimated parameter (Supplementary Method 2, Supplementary Table 1–2). 

 

Estimating the effects of case-based and population-based interventions 

We estimated the effect of case-based interventions using the stochastic branching model after stage-1 

fitting. Since the majority of these containment measures were in place at the beginning of the epidemic, 

it was not possible to directly estimate the "counterfactual" R0 (the hypothetical reproduction number 

without interventions) in Taiwan. We assumed this counterfactual R0 to be 2.50 (range 2–3), similar to the 

estimated R0 in Hong Kong at the beginning of its outbreak and consistent with the previously estimated 

R0 values6,31,32. Five scenarios were considered: (1) no case-based interventions; (2) case detection and 

isolation; (3) case detection and contact tracing to detect and isolate secondary cases; (4) case detection, 

contact tracing, and 7-day quarantine for contacts (regardless of symptoms), (5) case detection, contact 

tracing, and 14-day quarantine (Supplementary Table 3). Whereas the 14-day quarantine for contacts was 

a current policy implemented in Taiwan, we simulated the scenario with 7-day quarantine to see the trend 

of impact of quarantine duration. The primary indicator was the mean effective reproduction number, 

along with the probability of outbreak extinction, which was defined as zero new cases within 20 

generations.  
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The effect of population-based interventions was estimated using two independent approaches. First, we 

analyzed the observed cluster size distribution in Taiwan to estimate the effective reproduction number, 

which was affected by both case-based and population-based interventions (hence the estimated 

reproduction number should be R_pc). First, , since the impact of case-based interventions was explicitly 

incorporated in the branching process model, we could estimate the reproduction number under 

population-based measures only (R_p) by fitting the dynamical model to the observed cluster size 

distribution (Supplementary Method 3). The posterior estimation of R_pc was also compared to the 

analytic estimation using the average size of clusters (𝑅 = 1 − 2/m, where m is the expected average 

size for clusters with ≥ 2 cases)33. Second, we estimated the time-varying reproductive numbers (Rt) of 

seasonal influenza and used this as a proxy measure of the impact of population-based interventions on 

control of respiratory infections (Supplementary Method 4). The Rt of influenza was estimated using the 

time-series data of influenza cases with severe complications (a notifiable condition in Taiwan), the 

consultation frequency of influenza-like illness, and the proportion of influenza-positive specimens 

among the samples of patients with respiratory infection. These data were obtained from influenza 

surveillance systems of Taiwan CDC34,35. 

 

Data availability 

The datasets generated and analyzed during the current study are available from the corresponding author 

on reasonable request.  

 

Code availability 

Codes are available on GitHub at https://github.com/dachuwu/Taiwan_CovidDTQ before publication. 
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