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77 ABSTRACT

78 Combinations of intense non-pharmaceutical interventions (“lockdowns”) were introduced in 

79 countries worldwide to reduce SARS-CoV-2 transmission. Many governments have begun to 

80 implement lockdown exit strategies that allow restrictions to be relaxed while attempting to 

81 control the risk of a surge in cases. Mathematical modelling has played a central role in guiding 

82 interventions, but the challenge of designing optimal exit strategies in the face of ongoing 

83 transmission is unprecedented. Here, we report discussions from the Isaac Newton Institute 

84 “Models for an exit strategy” workshop (11-15 May 2020). A diverse community of modellers 

85 who are providing evidence to governments worldwide were asked to identify the main questions 

86 that, if answered, will allow for more accurate predictions of the effects of different exit 

87 strategies. Based on these questions, we propose a roadmap to facilitate the development of 

88 reliable models to guide exit strategies. The roadmap requires a global collaborative effort from 

89 the scientific community and policy-makers, and is made up of three parts: i) improve estimation 

90 of key epidemiological parameters; ii) understand sources of heterogeneity in populations; iii) 

91 focus on requirements for data collection, particularly in Low-to-Middle-Income countries. This 

92 will provide important information for planning exit strategies that balance socio-economic 

93 benefits with public health.

94
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97 INTRODUCTION

98 As of 21 July 2020, the coronavirus disease 2019 (COVID-19) pandemic has been responsible 

99 for more than 14 million reported cases worldwide, including over 613,000 deaths. Mathematical 

100 modelling is playing an important role in guiding interventions to reduce the spread of Severe 

101 Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). Although the impact of the virus 

102 has varied significantly across the world, and different countries have taken different approaches 

103 to counter the pandemic, many national governments introduced packages of intense non-

104 pharmaceutical interventions (NPIs), informally known as “lockdowns”. Although the socio-

105 economic costs (e.g. job losses and potential long-term mental health effects) are yet to be 

106 assessed fully, public health measures have led to substantial reductions in transmission [1–3]. 

107 Data from countries such as Sweden and Japan, where epidemics peaked without strict 

108 lockdowns being introduced, will be useful for comparing different approaches and conducting 

109 retrospective cost-benefit analyses.

110

111 As case numbers have either stabilised or declined in many countries, attention has now turned to 

112 the development of strategies that allow restrictions to be lifted [4,5] in order to alleviate the 

113 economic, social and other health costs of lockdowns. However, in countries with active 

114 transmission still occurring, daily disease incidence could increase again quickly, while countries 

115 that have suppressed community transmission successfully face the risk of transmission 

116 reestablishing due to reintroductions. In the absence of a vaccine or sufficient herd immunity to 

117 reduce transmission substantially, COVID-19 exit strategies pose unprecedented challenges to 

118 policy-makers and the scientific community. Given our limited knowledge of this virus, and the 

119 fact that entire packages of interventions were introduced in quick succession in many countries 
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120 as case numbers increased, it is challenging to estimate the effects of removing individual 

121 measures directly and modelling remains of paramount importance.

122

123 Here, we report discussions from the “Models for an exit strategy” workshop (11-15 May 2020) 

124 that took place online as part of the Isaac Newton Institute’s “Infectious Dynamics of 

125 Pandemics” programme. The Isaac Newton Institute in Cambridge is the UK’s national research 

126 institute for mathematics, and many distinguished scientists (including nine Nobel laureates and 

127 27 Fields Medallists) have attended programmes there. We outline progress to date and open 

128 questions in modelling exit strategies that arose during discussions at the workshop. Most 

129 participants were working actively on COVID-19 at the time of the workshop, often with the aim 

130 of providing evidence to governments, public health authorities and the general public to support 

131 the pandemic response. After four months of intense model development and data analysis, the 

132 workshop gave participants a chance to take stock and openly share their views of the main 

133 challenges they are facing. A range of countries were represented, providing a unique forum to 

134 discuss the different epidemic dynamics and policies around the world. Although the main focus 

135 was on epidemiological models, the interplay with other disciplines formed an integral part of 

136 the discussion. The purpose of this article is twofold: to highlight key knowledge gaps hindering 

137 current predictions and projections, and to provide a roadmap for modellers and other scientists 

138 wishing to make useful contributions to the development of solutions. 

139

140 Given that SARS-CoV-2 is a newly discovered virus, the evidence base is changing rapidly. This 

141 makes it challenging to conduct a systematic review of the literature. For that reason, we asked 

142 the large group of researchers at the workshop for their expert opinions on the most important 
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143 open questions, and relevant literature, that will enable exit strategies to be planned with more 

144 precision. By inviting contributions from representatives of different countries and areas of 

145 expertise (including social scientists, immunologists, infectious disease outbreak modellers and 

146 others), and discussing the expert views raised at the workshop in detail, we sought to reduce 

147 geographic and disciplinary biases. All evidence is summarised here in a policy-neutral manner.

148

149 The questions in this article have been grouped as follows. First, we discuss outstanding 

150 questions for modelling exit strategies that are related to key epidemiological quantities, such as 

151 the reproduction number and herd immunity fraction. We then identify different sources of 

152 heterogeneity underlying SARS-CoV-2 transmission and control, and consider how differences 

153 between hosts and populations across the world should be included in models. Finally, we 

154 discuss current challenges relating to data requirements, focussing on the data that are needed to 

155 resolve current knowledge gaps and how uncertainty in modelling outputs can be communicated 

156 to policy-makers and the wider public. In each case, we outline the most relevant issues, 

157 summarise expert knowledge and propose specific steps towards the development of evidence-

158 based exit strategies. This leads to the development of a roadmap for future research (Fig 1) 

159 made up of three key steps: i) improve estimation of epidemiological parameters using outbreak 

160 data from different countries; ii) understand heterogeneities within and between populations that 

161 affect virus transmission and interventions; iii) focus on data needs, particularly data collection 

162 and methods for planning exit strategies in Low-to-Middle-Income countries (LMICs) where 

163 data are often lacking. This roadmap is not a linear process: improved understanding of each 

164 aspect of the proposed research will help to inform other requirements. For example, a clearer 

165 understanding of the model resolution required for accurate forecasting (Section 2.1) will inform 
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166 the data that need to be collected (Section 3), and vice versa. If this roadmap can be followed, it 

167 will be possible for policy-makers to predict the effects of different potential exit strategies with 

168 increased precision. This is of clear benefit to global health, allowing exit strategies to be chosen 

169 that allow interventions to be relaxed while limiting the risk of substantial further transmission.

170

171

172

173 Figure 1. Roadmap of research to facilitate the development of reliable models to guide exit strategies. Three key 

174 steps are required: i) improve estimates of epidemiological parameters (such as the reproduction number and herd 

175 immunity fraction) using data from different countries (Sections 1.1-1.4); ii) understand heterogeneities within and 

176 between populations that affect virus transmission and interventions (Sections 2.1-2.4); iii) focus on data 

177 requirements for predicting the effects of individual interventions, particularly – but not exclusively – in data limited 

178 settings such as LMICs (Sections 3.1-3.3). Work in these areas must be conducted concurrently, since feedback will 

179 arise from the results of the proposed research that will be useful for shaping next steps across the different topics.

180 1 KEY EPIDEMIOLOGICAL QUANTITIES

181 1.1 HOW CAN VIRAL TRANSMISSIBILITY BE ASSESSED MORE 
182 ACCURATELY?

183 The time-dependent reproduction number,  or , has emerged as the main quantity used to 𝑅(𝑡) 𝑅𝑡

184 assess the transmissibility of SARS-CoV-2 in real time [6–10]. Within a given population with 

Page 9 of 110

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



185 active virus transmission, the value of  represents the expected number of secondary cases 𝑅(𝑡)

186 generated by someone infected at time . If this quantity is and remains below one, then an 𝑡

187 ongoing outbreak will eventually fade out. Although easy to understand intuitively, estimating 

188 R(t) from case reports (as opposed to, for example, observing R(t) in known or inferred 

189 transmission trees [11]) requires the use of mathematical models. As factors such as contact rates 

190 between infectious and susceptible individuals change during an outbreak in response to public 

191 health advice or movement restrictions, the value of  has been found to respond rapidly. For 𝑅(𝑡)

192 example, across the UK, countrywide and regional estimates of  dropped from 𝑅(𝑡)

193 approximately 2.5-4 in mid-March [7,12] to below one after lockdown was introduced [12,13]. 

194 One of the criteria in the UK and elsewhere for relaxing the lockdown was for the reproduction 

195 number to decrease to “manageable levels” [14]. Monitoring , as well as case numbers, as 𝑅(𝑡)

196 individual components of the lockdown are relaxed is critical for understanding whether or not 

197 the outbreak remains under control [15].

198

199 Several mathematical and statistical methods for estimating temporal changes in the reproduction 

200 number have been proposed in the last 20 years. Two popular approaches are the Wallinga–

201 Teunis method [16] and the Cori method [17,18]. These methods use case notification data along 

202 with an estimate of the serial interval distribution (the times between successive cases in a 

203 transmission chain) to infer the value of . Other approaches exist (e.g. based on 𝑅(𝑡)

204 compartmental epidemiological models [19]), including those that can be used alongside 

205 different data (e.g. time series of deaths [7,12,20] or phylogenetic data [21–24]). 

206
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207 Despite this extensive theoretical framework, practical challenges remain when dealing with 

208 real-time reporting. In particular, reproduction number estimates often rely on case notification 

209 data and so are subject to reporting delays between case onset and being recorded. Available data 

210 therefore do not include up-to-date knowledge of current numbers of infections, an issue that can 

211 be addressed using “nowcasting” models [8,12,25]. The serial interval represents the period 

212 between symptom onset times in a transmission chain, rather than between the times at which 

213 cases are recorded. Time series of symptom onset dates, or even infection dates (to be used with 

214 the estimates of the generation interval when inferring ), can be estimated from case 𝑅(𝑡)

215 notification data using latent variable methods [8,26] or deconvolution methods such as the 

216 Richardson-Lucy deconvolution technique [27,28]. The Richardson-Lucy approach has 

217 previously been applied to infer incidence curves from time series of deaths [29]. These methods, 

218 as well as others that account for reporting delays [30], provide useful avenues to improve the 

219 practical estimation of  given incomplete data. Furthermore, changes in testing practice (or 𝑅(𝑡)

220 capacity to conduct tests) lead to temporal changes in case numbers that cannot be distinguished 

221 easily from changes in transmission. Understanding how accurately and how quickly changes in 

222  can be inferred in real-time given these challenges is a crucial question. 𝑅(𝑡)

223

224 A more immediate way to assess temporal changes in the reproduction number that does not 

225 require nowcasting is by observing people's transmission-relevant behaviour directly, e.g. 

226 through contact surveys or mobility data [31]. These methods do, however, come with their own 

227 limitations: because these surveys do not usually collect data on infections, care must be taken in 

228 using them to understand and predict ongoing changes in transmission.

229
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230 Other outstanding challenges in assessing variations in  include the need to understand that 𝑅(𝑡)

231 methods tend to be inaccurate when case numbers are low, and the requirement to account for 

232 temporal changes in the serial interval or generation time distribution of the disease [32]. Indeed, 

233 in periods when there are few cases (such as in the “tail” of an epidemic – Section 1.4), there is 

234 little information with which to assess virus transmissibility. Methods for estimating  that 𝑅(𝑡)

235 are based on the assumption that transmissibility is constant within fixed time periods can be 

236 applied with windows of long duration (thereby including more case notification data with which 

237 to estimate ) [33,34]. However, this comes at the cost of a loss of sensitivity to temporal 𝑅(𝑡)

238 variations in transmissibility. Consequently, when case numbers are low, the methods described 

239 above for tracking transmission-relevant behaviour directly are particularly important. In those 

240 scenarios, the “transmission potential” might be more important than realised transmission [35].

241

242 The effect of population heterogeneity on reproduction number estimates also requires further 

243 investigation, as current estimates of  tend to be calculated for whole populations (e.g. 𝑅(𝑡)

244 countries or regions). Understanding the characteristics of constituent groups contributing to this 

245 value is important to target interventions efficiently with limited resources [36,37]. For this, data 

246 on infections within and between different subpopulations (e.g. infections in care homes and in 

247 the wider population) are needed. As well as between subpopulations, it is also necessary to 

248 ensure that estimates of  account for heterogeneity in transmission between different 𝑅(𝑡)

249 infectious hosts. Such heterogeneity alters the effectiveness of different control measures, and 

250 therefore the predicted disease dynamics when individual interventions are relaxed. For a range 

251 of diseases, a rule of thumb that around 20% of infected individuals are the sources of 80% of 

252 infections has been proposed [37,38]. This is supported by recent evidence for COVID-19, which 
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253 suggests significant individual-level variation in SARS-CoV-2 transmission [39] with some 

254 transmission events leading to large numbers of new infections.

255

256 Finally, it is well documented that presymptomatic individuals (and, to a lesser extent, 

257 asymptomatic infected individuals - i.e. those who never develop symptoms) can transmit SARS-

258 CoV-2 [40,41]. For that reason, negative serial intervals may occur when an infected host 

259 displays COVID-19 symptoms before the person who infected them [42,43]. Although methods 

260 for estimating  with negative serial intervals exist [43,44], the inclusion of presymptomatic 𝑅(𝑡)

261 or asymptomatic transmission in publicly available software for estimating  should be a 𝑅(𝑡)

262 priority. Increasing the accuracy of estimates of in the ways described here, as well as 𝑅(𝑡) 

263 supplementing these estimates with other assessments of transmissibility (e.g. estimates of 

264 growth rates of case numbers [45]), is of clear importance. As lockdowns are relaxed, this will 

265 permit a fast determination of whether or not removed interventions are leading to a surge in 

266 cases.

267

268 1.2 WHAT IS THE HERD IMMUNITY THRESHOLD AND WHEN MIGHT WE 
269 REACH IT?

270 Herd immunity refers to the accumulation of sufficient immunity in a population through 

271 infection and/or vaccination to prevent further substantial outbreaks. It is a major factor in 

272 determining exit strategies, but data are still very limited. Dynamically, the threshold at which 

273 herd immunity is achieved is the point at which  (Section 1.1) falls below one for an 𝑅(𝑡)

274 otherwise uncontrolled epidemic, resulting in a negative epidemic growth rate. However, 

275 reaching the herd immunity threshold does not mean that the epidemic is over or that there is no 
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276 risk of further infections. Great care must therefore be taken in communicating this concept to 

277 the public, to ensure continued adherence to public health measures such as social distancing. 

278 Crucially, whether immunity is gained naturally through infection or through random or targeted 

279 vaccination affects the herd immunity threshold, and the threshold depends critically on the 

280 immunological characteristics of the pathogen. Since SARS-CoV-2 is a new virus, its 

281 immunological characteristics - notably the duration and extent to which prior infection confers 

282 protection against future infection, and how these vary across the population - are currently 

283 unknown [46]. Lockdown measures have heavily impacted contact structure and hence the 

284 accumulation of immunity in the population, and are likely to have led to significant 

285 heterogeneity in acquired immunity (e.g. by age, location, workplace). Knowing the extent and 

286 distribution of immunity in the population will help guide optimal exit strategies that have only a 

287 limited risk of a resurgence in infections.

288

289 As interventions are lifted, whether or not  remains below one depends on the current level 𝑅(𝑡)

290 of immunity in the population as well as the specific exit strategy followed. A simple illustration 

291 is to treat the current reproduction number, , as a deflation of the original (basic) 𝑅(𝑡)

292 reproduction number ( , which is assumed to be greater than one):𝑅0

293 𝑅(𝑡) = (1 ― 푖(𝑡))(1 ― 푝(𝑡))𝑅0,

294 in which  is the immunity level in the community at time t and  is the overall reduction 푖(𝑡) 푝(𝑡)

295 factor from the control measures that are in place. If , then  remains below one 푖(𝑡) > 1 ― 1
𝑅0

𝑅(𝑡)

296 even when all interventions are lifted: herd immunity is achieved. However, recent results 

297 [47,48] show that, for heterogeneous populations, herd immunity occurs at a lower immunity 

298 level than . The threshold  assumes random vaccination, with immunity distributed 1 ― 1
𝑅0

1 ― 1
𝑅0
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299 uniformly in the community. When immunity is obtained from disease exposure, the more 

300 socially active individuals in the population are over-represented in cases from the early stages of 

301 the epidemic. As a result, the virus preferentially infects individuals with higher numbers of 

302 contacts, thereby acting like a well-targeted vaccine. This reduces the herd immunity threshold. 

303 However, the extent to which heterogeneity in behaviour lowers the herd immunity threshold for 

304 COVID-19 is currently unknown.

305

306 We highlight three key challenges for determining the herd immunity threshold for COVID-19, 

307 and hence for understanding the impact of implementing or lifting control measures in different 

308 populations. First, most of the quantities for calculating the herd immunity threshold are not 

309 known precisely and require careful investigation. For example, determining the immunity level 

310 in a community is far from trivial for a number of reasons: antibody tests may have variable 

311 quality in terms of sensitivity and specificity; it is currently unclear whether or not individuals 

312 with mild or no symptoms acquire immunity or test seropositive; the duration of immunity is 

313 unknown. Second, estimation of  despite receiving significant attention at the start of the 𝑅0,

314 pandemic, still needs to be refined within and between countries as issues with early case reports 

315 come to light and are addressed. Third, as discussed in Section 2, SARS-CoV-2 does not spread 

316 uniformly through populations [49]. An improved understanding of the main transmission routes, 

317 and which communities are most influential, will help to determine how much lower disease 

318 induced herd immunity is compared to the classical herd immunity threshold .1 ― 1
𝑅0

319
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320 To summarise, it is of paramount importance to obtain more accurate estimates of the current 

321 immunity levels in different countries and regions, and to understand more clearly how 

322 population heterogeneity affects virus transmission and the accumulation of immunity.

323

324 1.3 CAN SEROPREVALENCE SURVEYS PROVIDE INSIGHT INTO HERD 
325 IMMUNITY AND TRANSMISSION DYNAMICS?

326 Information about how many people are currently infected and have been infected in the past are 

327 key inputs to formulate exit strategies, monitor the progression of epidemics and identify social 

328 and demographic sources of transmission heterogeneities. Seroprevalence surveys provide a 

329 simple and direct way to estimate the fraction of the population that has been exposed to the 

330 virus but has not been detected by regular surveillance mechanisms [50]. Given the possibility of 

331 mild or asymptomatic infections, which are not typically captured in data describing laboratory-

332 confirmed cases, seroprevalence surveys have the potential to be particularly useful for tracking 

333 the COVID-19 pandemic [51].

334

335 Contacts between pathogens and hosts that elicit an immune response can be revealed by the 

336 presence of antibodies. Broadly speaking, there are two major classes of antibody, with rising 

337 concentrations of immunoglobulin M (IgM) preceding the increase in concentration of 

338 immunoglobulin G (IgG). However, for infections by SARS-CoV-2, there is increasing evidence 

339 that IgG and IgM appear concurrently [52]. Most serological assays used for understanding viral 

340 transmission measure concentrations of IgG. Interpretation of a positive result depends on the 

341 availability of detailed knowledge of immune response dynamics and its epidemiological 

342 correspondence to the developmental stage of the pathogen, for example the presence of virus 
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343 shedding in the case of SARS-CoV-2 [53,54]. Serological surveys are common practice in 

344 infectious disease epidemiology and have been used to estimate the prevalence of carriers of 

345 antibodies, force of infection, and reproduction numbers [55], and in certain circumstances (e.g. 

346 for measles) used to infer population immunity to a pathogen [56]. Unfortunately, single 

347 serological surveys only provide information about the numbers of individuals who are 

348 seropositive at the times the surveys were conducted (as well as information about the 

349 individuals tested, such as their age [57]). Although information about temporal changes in 

350 infections can be obtained by conducting multiple surveys longitudinally [46,58], the precise 

351 timings of infections remain unknown.

352

353 Available tests vary in sensitivity and specificity, which can impact the accuracy of predictions 

354 made using compartmental models if seropositivity is used to assess the proportion of individuals 

355 that are protected from infection or disease. Propagation of uncertainty due to the sensitivity and 

356 specificity of the testing procedures and epidemiological interpretation of the immune response 

357 are areas that require attention. The possible presence of immunologically silent individuals, as 

358 implied by studies of COVID-19 showing that 10–20% of symptomatically infected people have 

359 few or no detectable antibodies [59], adds to the known sources of uncertainty. Ambiguities in 

360 the interpretation of the biological meaning of testing outcomes and limitations of study designs 

361 raise issues related to the identifiability of parameters of interest.

362

363 Many compartmental modelling studies have used data on deaths as the main reliable dataset for 

364 model fitting. The extent to which seroprevalence data could provide an additional useful input 

365 for model calibration, and help in formulating exit strategies, has yet to be ascertained. With the 
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366 caveats above, one-off or regular assessments of the seroprevalence in the population could be 

367 helpful in understanding transmission of SARS-CoV-2 in different populations.

368

369 1.4 IS GLOBAL ERADICATION OF SARS-COV-2 A REALISTIC POSSIBILITY?

370 When  is greater than one, an emerging outbreak will either grow to infect a substantial 𝑅0

371 proportion of the population or become extinct before it is able to do so [60–64]. If instead  is 𝑅0

372 less than one, the outbreak will almost certainly become extinct before a substantial proportion 

373 of the population is infected. If new susceptible individuals are introduced into the population 

374 (for example, new susceptible individuals are born), it is possible that that the disease will persist 

375 after its first wave and become endemic [65]. These theoretical results can be extended to 

376 populations with household and network structure [66,67] and scenarios in which  is very 𝑅0

377 close to one [68].

378

379 Epidemiological theory and data from multiple different diseases indicate that extinction can be a 

380 slow process, often involving a long “tail” of cases with significant random fluctuations (Figure 

381 S1). Long epidemic tails can be driven by factors including spatial heterogeneities, such as 

382 differences in weather in different countries (potentially allowing an outbreak to persist by 

383 surviving in different locations at different times of year) and varying access to treatment in 

384 different locations. Regions or countries that eradicate SARS-CoV-2 successfully might 

385 experience reimportations from elsewhere [69,70], for example the reimportation of the virus to 

386 New Zealand from the UK in June 2020.

387
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388 At the global scale, smallpox is the only previously endemic human disease to have been 

389 eradicated, and extinction took many decades of vaccination. Prevalence and incidence of polio 

390 and measles have been reduced substantially through vaccination but both diseases persist. The 

391 2001 Foot and Mouth Disease outbreak in the UK and the 2003 SARS pandemic were new 

392 epidemics that were driven extinct without vaccination before they became endemic, but both 

393 exhibited long tails before eradication was achieved.  The 2014-16 Ebola outbreak in West 

394 Africa was eliminated (with vaccination at the end of the outbreak [71]), but eradication took 

395 some time with flare ups occurring in different countries [72,73].

396

397 Past experience therefore raises the possibility that SARS-CoV-2 may not be driven to complete 

398 extinction in the foreseeable future, even if a vaccine is developed and vaccination campaigns 

399 can be implemented. As exemplified by the outbreak of Ebola in the Democratic Republic of the 

400 Congo that has only recently been declared over [74], there is an additional challenge of 

401 assessing whether the virus really is extinct rather than persisting in individuals who do not 

402 report disease [72]. There is a distinct possibility that SARS-CoV-2 could become endemic, 

403 either persisting in populations with limited access to healthcare or circulating in seasonal 

404 outbreaks as the virus evolves. Appropriate communication of these scenarios to the public and 

405 policy-makers – particularly the possibility that SARS-CoV-2 may never be eradicated – is of 

406 obvious importance.

407

408 2 HETEROGENEITIES IN TRANSMISSION
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409 2.1 HOW MUCH RESOLUTION IS NEEDED WHEN MODELLING HUMAN 
410 HETEROGENEITIES?

411 A common challenge faced by modellers working in outbreak situations is the tension between 

412 making models more complex (and possibly therefore seeming more realistic and convincing to 

413 stakeholders) and maintaining simplicity (for scientific parsimony when data are sparse and for 

414 expediency when predictions are required at very short notice by policy-makers) [75]. How to 

415 strike the correct balance is not a settled question, especially given the growing amount of 

416 available data on human demography and behaviour. Indeed, outputs of multiple models with 

417 different levels of complexity can provide useful and complementary information. Many sources 

418 of heterogeneity between individuals (and between populations) exist, including the strong skew 

419 of severe COVID-19 outcomes towards the elderly and individuals from specific groups. Here, 

420 we focus on two sources of heterogeneity in human populations that must be considered when 

421 modelling exit strategies: spatial contact structure and health vulnerabilities.

422

423 There has been considerable success in modelling local contact structure, both in terms of spatial 

424 heterogeneity (distinguishing local and long-distance contacts) and in local mixing structures 

425 such as households and workplaces. However, challenges include tracking pathogen transmission 

426 and assessing changes when contact networks are altered. In spatial models with only a small 

427 number of near-neighbour contacts, the number of new infections grows slowly, so that 

428 each generation of infected individuals is only slightly larger than the previous one. As a result, 

429 in those models,  cannot significantly exceed its threshold value of one [76]. In contrast, 𝑅(𝑡)

430 models accounting for transmission within closely interacting groups explicitly contain a 

431 mechanism that has a multiplier effect on the value of  [66]. Another challenge is in 𝑅(𝑡)

432 modelling the spatiotemporal structure of human populations: the spatial distribution of 
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433 individuals is important, but long-distance contacts make populations more connected than 

434 depicted by simple percolation-type spatial models [76]. Clustering and pair approximation 

435 models can capture some aspects of spatial heterogeneities [77], which can result in exponential 

436 rather than linear growth in case numbers [78].

437

438 While modelling frameworks exist to include almost any kind of spatial stratification, ensuring 

439 that model outputs are meaningful for exit strategy planning relies on appropriate calibration 

440 with data. This brings in challenges of merging multiple data types with different stratification 

441 levels. For example, case notification data may be aggregated at a broad regional level within a 

442 country, while mobility data from past surveys might be available at finer scales within regions. 

443 Another challenge is to determine the appropriate scale at which to introduce or lift 

444 interventions. Although government policies are usually directed at whole populations within 

445 relevant administrative units (country-wide or smaller), more effective interventions and exit 

446 strategies may exist that target specific parts of the population [79]. Here, modelling can be 

447 helpful to account for operational costs and imperfect implementation that will offset expected 

448 epidemiological gains.

449

450 The structure of host vulnerability to disease is generally reported via risk factors: many factors 

451 have been considered, including age, sex and ethnicity [80,81]. From a modelling perspective, a 

452 number of open questions exist. To what extent does heterogeneous vulnerability at an individual 

453 level affect the impact of exit strategies beyond the reporting of potential outcomes, if at all? 

454 Where host vulnerability is an issue, is it necessary to account for considerations other than 

455 reported risk factors, as these may be proxies for underlying causes? Another important aspect is 
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456 that, once communicated to the public, the results of modelling could create behavioural 

457 feedback that might help or hinder exit strategies; some sensitivity analyses would be useful. As 

458 with the questions around spatial heterogeneity, modelling variations in host vulnerability could 

459 improve proposed exit strategies, and modelling might be used to explore how these are targeted 

460 and communicated [5]. Finally, heterogeneities in space and vulnerabilities may interact; 

461 modelling these may reveal surprises that can be explored further.

462

463 2.2 WHAT ARE THE ROLES OF NETWORKS AND HOUSEHOLDS IN SARS-
464 COV-2 TRANSMISSION?

465 In combination with contact tracing, NPIs reduce the opportunity for transmission by breaking 

466 up contact networks (closing workplaces, schools, preventing large gatherings), reducing the 

467 chance of transmission where links cannot be broken (e.g. wearing masks, sneeze barriers) and 

468 identifying infected individuals (temperature checks [82], diagnostic testing [83]). Network 

469 models [84,85] aim to split pathogen transmission into opportunity (number of contacts) and 

470 transmission probability, using social network data that can be measured directly (through 

471 devices such as mobility tracking and contact diaries) and indirectly (through traffic flow and co-

472 occurrence studies). This brings new issues: for example, are observed networks missing key 

473 routes of transmission, such as indirect contact via contaminated surfaces, or adding noise in the 

474 form of contacts that are low risk [86]? How we measure and interpret contact networks depends 

475 on the geographical and social scale of interest (e.g. wider community spread or closed 

476 populations such as prisons and care homes; or sub-populations such as workplaces and schools) 

477 and the timescale over which we want to use the network to understand or predict infection 

478 chains.
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479

480 In reality, individuals belong to households, children attend schools and adults mix in 

481 workplaces as well as in social contexts. This has led to the development of household models 

482 [66,87–90], multilayer networks [91], bipartite networks [92,93] and networks that are 

483 geographically- and socially-embedded to reflect location and travel habits [94]. These 

484 modelling tools can play a key role in understanding and monitoring transmission, and exploring 

485 what-if scenarios, at the point of exiting a lockdown: in particular, they can inform whether or 

486 not, and how quickly, households or local networks merge to form larger and possibly denser 

487 contact networks in which local outbreaks can emerge. Variations between regions and socio-

488 economic factors can also be explored.

489

490 Contact tracing, followed by isolation or treatment of infected contacts, is a well-established 

491 method of disease control. The structure of the contact network is important in determining 

492 whether or not contact tracing will be successful. For example, contact tracing in clustered 

493 networks is known to be more effective than in equivalent non-clustered networks [95,96], since 

494 a potentially infected contact can be traced from multiple different sources. Knowledge of the 

495 contact network enhances understanding of the correlation structure that emerges as a result of 

496 the epidemic. The first wave of an epidemic will typically infect many of the highly connected 

497 nodes and will move slowly to less connected parts of the network leaving behind islands of 

498 removed and susceptible individuals. This can lead to a correlated structure of susceptible and 

499 recovered nodes that may make the networks less vulnerable to later epidemic waves [97], and 

500 has implications for herd immunity (Section 1.2).

501
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502 In heterogeneous populations, relatively few very well-connected people can have a large impact 

503 on the spread of a pathogen and be major hubs for transmission. Such individuals are often 

504 referred to as super-spreaders [98,99] and some theoretical approaches to controlling epidemics 

505 are based on targeting them [100]. However, particularly for respiratory diseases, whether 

506 specific individuals can be classified as potential super-spreaders, or instead whether any 

507 infected individual has the potential to generate super-spreading events, is debated [37,101,102].

508

509 As control policies are gradually lifted, the disrupted contact network will start to form again. 

510 Understanding how proxies for social networks (which can be measured in near-real time using 

511 mobility data, electronic sensors or trackers) relate to transmission requires careful consideration. 

512 Using observed contacts to predict virus spread might be successful if these quantities are 

513 heavily correlated, but one aim of NPIs should be at least a partial decoupling of the two, so that 

514 society can reopen but transmission remains controlled. The extent to which this is possible is 

515 unclear and is likely to vary between regions. Currently, a key empirical and theoretical 

516 challenge is to understand how households are connected and how this is affected by school 

517 opening (Section 2.3). An important area for further research is to improve our understanding of 

518 the role of within-household transmission in the ongoing COVID-19 pandemic. In particular, do 

519 sustained infection chains within households lead to amplification of infection rates between 

520 households despite lockdowns aimed at minimising between-household transmission?

521

522 Even for relatively well-studied household models, theoretical development of methods 

523 accommodating time-varying parameters such as variable adherence to household-based policies 

524 and/or compensatory behaviour would be valuable to inform future control policies. It would be 
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525 useful to compare interventions and de-escalation procedures in different countries to gain 

526 insight into: how contact and transmission networks vary between regions; the role of different 

527 household structures in the spread and severity of outcomes (accounting for different household 

528 sizes and age-structures); the cost-effectiveness of different policies, such as household-based 

529 isolation and quarantine in the UK compared to out-of-household quarantine in Australia and 

530 Hong Kong. First Few X (FFX) studies [103,104], now adopted in several countries, provide the 

531 opportunity not only to improve our understanding of critical epidemiological characteristics 

532 (such as incubation periods, generation intervals and the roles of asymptomatic and 

533 presymptomatic transmission) but also to make many of the comparisons just outlined.

534

535 2.3 WHAT IS THE ROLE OF CHILDREN IN SARS-COV-2 TRANSMISSION?

536 An early intervention implemented in many countries was school closure, which is frequently 

537 used during influenza pandemics [105,106]. Further, playgrounds were closed and strict social 

538 distancing has kept children separated. However, the role of children in SARS-CoV-2 

539 transmission is unclear. Early signs from Wuhan (China), echoed elsewhere, showed many fewer 

540 cases in under 20s than might have been expected. There are three aspects of the role of children 

541 in transmission: i) susceptibility to infection; ii) infectiousness once infected; iii) propensity to 

542 develop disease if infected [107–109]. Evidence for variation in age-specific susceptibility to 

543 infection and infectiousness is mixed, with infectiousness the more difficult to quantify. 

544 However, evidence is emerging of lower susceptibility to infection in children compared to 

545 adults [110], although the mechanism underlying this is unknown and it may not be generalisable 

546 to all settings. Once infected, children appear to have a milder course of infection than adults, 
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547 and it has been suggested that children have a higher probability of a fully subclinical course of 

548 infection.

549

550 Reopening schools is of clear importance both in ensuring equal access to education and 

551 enabling caregivers to return to work. However, the risk of transmission within schools and the 

552 potential impact on the rate of community transmission needs to be understood so that policy-

553 makers can balance the potential benefits and harms. As schools begin to reopen there are key 

554 questions that models can help with, and major knowledge gaps that prevent clear answers. The 

555 most pressing question at a regional and national level is the extent to which school restarting 

556 will affect population-level transmission, characterised by  (Section 1.1). Clearer 𝑅(𝑡)

557 quantification of the role of children could have come from analysing the effects of school 

558 closures in different countries in February and March, but as described in the Introduction, 

559 closures generally coincided with many other interventions and so it has proved difficult to 

560 unpick the effects of individual measures [7]. Almost all schools in Sweden stayed open to 

561 under-16s (with the exception of one school that closed for two weeks [111]), and schools in 

562 some other countries are beginning to reopen with social distancing measures in place, providing 

563 a potential opportunity to improve our understanding of within-school transmission. Models can 

564 also inform the design of studies to generate the data required to answer key questions. 

565

566 The effect of opening schools on  also depends on other changes in the rest of the 𝑅(𝑡)

567 community. Children, teachers, and support staff are members of households, and lifting 

568 restrictions may therefore affect all members. Modelling school reopening must account for all 

569 changes in contacts of household members [112], noting that the impact on  may depend on 𝑅(𝑡)
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570 the other interventions in place at that time. The relative risk of restarting different school years 

571 (or even universities) does not affect the population  straightforwardly, since older children 𝑅(𝑡)

572 tend to live with adults who are older (compared to younger children), and households with older 

573 individuals are at greater risk of seeing severe outcomes compared to households with younger 

574 ones. Thus, decisions about which age groups return to school first and how they are grouped at 

575 school must balance the risks of transmission between children at school, transmission to and 

576 between their teachers, and transmission to and within the households of those children.

577

578 Return to school affects the number of physical contacts that teachers and support staff have. 

579 Schools will not be the same environments as prior to lockdown, since physical distancing 

580 measures will be in place. These include smaller classes and changes in layout, plus increased 

581 hygiene measures to decrease transmission. This is critical to reduce SARS-CoV-2 spread 

582 between teachers as well as from teachers to children (and, perhaps to a lesser extent, from 

583 children to teachers). Some teachers may be unlikely to return to school because of the presence 

584 of underlying conditions and a need to “shield”, and if there is transmission within schools, there 

585 may be absenteeism following infection. Models must therefore consider the different effects on 

586 transmission of pre- and post-lockdown school environments. Post-lockdown, with strong social 

587 distancing in place in the wider community, reopening schools could link subcommunities of the 

588 population together, and models can be used to estimate the wider effects on population 

589 transmission as well as those within schools themselves. These estimates are likely to play a 

590 central role in decisions surrounding when and how to reopen schools in different countries.

591
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592 2.4 THE PANDEMIC IS SOCIAL: HOW CAN WE MODEL THAT?

593 As the pandemic progresses, so does the need for different modelling approaches that account for 

594 population structure and heterogeneity. While these effects can be approximated in standard 

595 compartmental epidemiological models [2,72,113], such models can become highly complex and 

596 cumbersome to specify and solve as more sources of heterogeneity are introduced. An alternative 

597 modelling paradigm is agent-based modelling. Agent-based models (ABM) allow complex 

598 systems such as societies to be represented, using virtual agents programmed to have behavioural 

599 and individual characteristics (age, sex, ethnicity, income, employment status, etc.) as well as the 

600 capacity to interact with other agents [114]. In addition, ABM can include the effects of societal-

601 level factors such as the influence of social media, regulations and laws, and community norms. 

602 In more sophisticated ABM, agents can anticipate and react to scenarios, and learn by trial and 

603 error or by imitation. ABM represent a way to model systems in which there are feedbacks, 

604 tipping points, the emergence of higher-level properties from the actions of individual agents, 

605 adaptation, and multiple scales of organisation – all features of the COVID-19 pandemic and 

606 societal reactions to it.

607

608 While ABM arise from a different tradition, they can incorporate the insights of compartmental 

609 models; for example, agents must transition through disease states (or compartments) such that 

610 the mean transition rates correspond to the rates that quantify flows in compartmental models. 

611 However, building an ABM that represents a population on a national scale is a huge challenge 

612 and one that is unlikely be accomplished in a timescale useful for the current pandemic. ABM 

613 often include many parameters, leading to challenges of model parameterisation and a 

614 requirement for careful uncertainty quantification and sensitivity analyses to different inputs. On 
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615 the other hand, useful ABM do not have to be all-encompassing.  There are already several 

616 models accessible to the public that illustrate the effects of policies such as social distancing on 

617 small simulated populations. These models can be very helpful as “thought experiments” to 

618 identify the potential effects of candidate policies such as school re-opening, the consequences of 

619 non-compliance with government edicts and the impacts of restrictions on long-distance travel, 

620 amongst others.

621

622 There are two areas where action should be taken, both of which are long-term and intended to 

623 assist in dealing with the almost inevitable next pandemic rather than this one. First, more data 

624 about people’s ordinary behaviour are required: what individuals do each day (through time-use 

625 diaries), whom they meet (possibly through mobile phone data, assuming consent can be 

626 obtained), and how they understand and act on government regulation, social media influences 

627 and broadcast information [115].  Second, a large, modular ABM should be built that represents 

628 heterogeneities in populations and that is properly calibrated as a social “digital twin” of our own 

629 society, with which we can carry out virtual policy experiments. Had these developments 

630 occurred before, they would have been useful in the current situation. As a result, if these are 

631 done now, they will aid the planning of exit strategies in future.

632 3 DATA NEEDS AND COMMUNICATING UNCERTAINTY

633 3.1 WHAT ARE THE ADDITIONAL CHALLENGES OF DATA LIMITED 
634 SETTINGS?

635 In most countries, criteria for ending COVID-19 lockdowns rely on tracking trends in numbers 

636 of confirmed cases and deaths, and assessments of transmissibility (Section 1.1). In this section, 

Page 29 of 110

http://mc.manuscriptcentral.com/prsb

Submitted to Proceedings of the Royal Society B: For Review Only



637 we focus specifically on issues in determining when interventions should be relaxed in LMICs, 

638 although we note that many of these issues apply everywhere. Perhaps surprisingly, many 

639 concerns relating to data availability and reliability (e.g. lack of clarity about sampling frames) 

640 remain in countries worldwide. Other difficulties have also been experienced in many countries 

641 throughout the pandemic (e.g. shortages of vital supplies, perhaps due in developed countries to 

642 previous emphasis on healthcare system efficiency rather than pandemic preparedness [116]).

643

644 In many countries, data about the COVID-19 pandemic and about the general population and 

645 context can be unreliable or lacking. Because of limited healthcare access and utilisation, there 

646 can be fewer opportunities for diagnosis and subsequent confirmation of cases in LMICs 

647 compared to other settings, unless there are active programmes [117]. Distrust can make 

648 monitoring programmes difficult, and complicate control activities like test-trace-isolate 

649 campaigns [118,119]. Other options for monitoring – such as assessing excess disease from 

650 general reporting of acute respiratory infections or influenza-like-illness – require historical 

651 baselines that may not exist [120,121]. In general, while many LMICs will have a well-served 

652 fraction of the population, dense peri-urban and informal settlements are typically outside that 

653 population and may rapidly become a primary concern for transmission [122]. Since confirmed 

654 case numbers in these populations are unlikely to provide an accurate representation of the 

655 underlying epidemic, reliance on alternative measures such as clinically diagnosed cases may be 

656 necessary to understand the epidemic trajectory. Some tools for rapid assessment of mortality in 

657 countries where the numbers of COVID-19 related deaths are hard to track are starting to 

658 become available [123].

659
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660 In addition to the challenges in understanding the pandemic in these settings, metrics on health 

661 system capacity (including resources such as beds and ventilators), as needed to set targets for 

662 control, are often poorly documented [124]. Furthermore, the economic hardships and competing 

663 health priorities in low-resource settings change the objectives of lifting restrictions – for 

664 example, hunger due to loss of jobs and changes in access to routine health care (e.g. HIV 

665 services and childhood vaccinations) as a result of lockdown have the potential to cost many 

666 lives in themselves, both in the short- and long-term [125,126], and this must be accounted for 

667 when deciding how to relax COVID-19 public health measures. To assess the costs and benefits 

668 of lifting restrictions appropriately, additional data on these conditions may be required. In many 

669 settings, these data are currently unavailable.

670

671 These challenges suggest three key elements of modelling efforts for moving forward in data-

672 limited settings: i) identification of policy responses that are robust to missing information; ii) 

673 value-of-information analyses to prioritise additional data collection and curation efforts; iii) 

674 development of methods that use metadata to interpret epidemiological patterns.

675

676 In settings where additional data collection is not affordable, models may provide a clearer 

677 picture by incorporating available metadata, such as testing and reporting rates through time, 

678 sample backlogs, and suspected COVID-19 cases based on syndromic surveillance. By 

679 identifying the most informative data, modelling could encourage countries to share available 

680 data more widely. For example, in high incidence settings, burial reports and death certificates 

681 may be available, and these data can provide information on the demographics that influence the 
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682 infection fatality rate. These can in turn reveal potential COVID-19 deaths classified as other 

683 causes and hence missing from COVID-19 attributed death notifications.

684

685 In general, supporting LMICs calls for creativity in the data that might be incorporated in models 

686 and in the response activities that are undertaken. Some LMICs have managed the COVID-19 

687 pandemic successfully so far (e.g. Vietnam, as well as Trinidad and Tobago [127]). However, 

688 additional support in LMICs is required: data limited settings represent uniquely high stakes. 

689

690 3.2 WHICH DATA SHOULD BE COLLECTED AS COUNTRIES EMERGE 
691 FROM LOCKDOWN, AND WHY?

692 Identifying the effects of the different components of lockdown is important to understand how – 

693 and in which order – interventions should be released. The impact of previous measures must be 

694 understood both to inform policy in real-time and to ensure that lessons can be learnt from the 

695 current pandemic.

696

697 Models vary from those that include few parameters but can offer powerful and robust insights 

698 into the potential impacts of different strategies, to highly complex simulations aiming to capture 

699 all nuances affecting transmission. Complex simulations are often sensitive to uncertainties in 

700 the many assumed parameters and model structure. Ultimately, all models require information to 

701 make their predictions relevant to the ongoing pandemic. Data from PCR tests for presence of 

702 active virus and serological tests for antibodies, together with data on COVID-19 related deaths, 

703 are freely available via a number of internet sites (e.g. [128]). However, metadata associated with 

704 testing protocols (e.g. reason for testing, type of test, breakdowns by age and underlying health 
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705 conditions) and the definition of COVID-19 related death, which are needed to quantify sources 

706 of potential bias and parameterise models correctly, are often unavailable. Data from individuals 

707 likely to have been exposed to the virus (e.g. within households of known infected individuals), 

708 but who may or may not have contracted it themselves, are also useful for model 

709 parameterisation [129]. New sources of data exist, ranging from tracking data from mobile 

710 phones [130] to social media surveys [131] and details of interactions with public health 

711 providers [132]. Although potentially valuable, these data sources bring with them biases that are 

712 not always understood perfectly. These types of data are also often subject to data protection 

713 and/or costly fees, meaning that they are not readily available to many modelling groups. Mixing 

714 patterns by age were reasonably well-characterised before the current pandemic [133,134] 

715 (particularly for adults of different ages) and have been used extensively in existing models. 

716 However, there are gaps in these data and uncertainty in the impacts that different interventions 

717 have had on mixing. Predictive models for policy tend to make broad assumptions about the 

718 effects of elements of social distancing [135], although results of studies that attempt to estimate 

719 effects in a more data-driven way are beginning to emerge [136]. The future success of 

720 modelling efforts to understand when controls should be relaxed or tightened depends critically 

721 on whether, and how accurately as well as how quickly, the effects of different elements of 

722 lockdown can be parameterised.

723

724 Given the many differences in lockdown implementation between countries, cross-country 

725 comparisons offer an opportunity to estimate the effects on transmission of each component of 

726 lockdown [7]. However, there are many challenges in comparing SARS-CoV-2 dynamics in 

727 different countries. Alongside variability in the timing, type and impact of interventions, the 
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728 numbers of importations from elsewhere will vary between countries [69,137]. Underlying 

729 differences in mixing, behavioural changes in response to the pandemic, household structures, 

730 occupations and distributions of ages and co-morbidities are likely to be important but uncertain 

731 drivers of transmission patterns. A current research target is to understand the role of weather 

732 and climate in SARS-CoV-2 transmission and severity [138]. Many analyses across and within 

733 countries highlight potential correlations between environmental variables and transmission 

734 [139–144], although sometimes by applying ecological niche modelling frameworks that are 

735 perhaps ill-suited for modelling a rapidly spreading pathogen [145–147]. Assessments of the 

736 interactions between weather and viral transmissibility are facilitated by the availability of 

737 extensive datasets describing weather patterns, such as the European Centre for Medium-Range 

738 Weather Forecasts ERA5 dataset [148] and simulations of the Community Earth System Model 

739 that can be used to estimate the past, present and future values of meteorological variables 

740 worldwide [149]. It is likely that temperature, humidity and precipitation affect the survival of 

741 SARS-CoV-2 outside the body, and prevailing weather conditions could, in theory, tip  𝑅(𝑡)

742 above or below one. However, the effects of these factors on transmission have not been 

743 established conclusively, and the impact of seasonality on short- or long-term SARS-CoV-2 

744 dynamics is likely to depend on other factors including the timing and impact of interventions, 

745 and the dynamics of immunity [46,150]. At present, it is hard to separate the effects of the 

746 weather on virus survival from other factors including behavioural changes in different seasons 

747 [151]. The challenge of disentangling the impact of variations in weather on transmission from 

748 other epidemiological drivers in different locations is therefore a complex open problem.

749
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750 In seeking to understand and compare COVID-19 data from different countries, there is a need to 

751 coordinate the design of epidemiological studies, involving longitudinal data collection and case-

752 control studies. This will help enable models to track the progress of the epidemic and the 

753 impacts of control policies internationally. It will also allow more refined conclusions than those 

754 that follow from population data alone. Countries with substantial epidemiological modelling 

755 expertise should support epidemiologists elsewhere with standardised protocols for collecting 

756 data and using models to inform policy. There is also a need to share models to be used “in the 

757 field” in different settings. Collectively, these efforts will ensure that models are parameterised 

758 as realistically as possible for the particular settings in which they are to be used. In turn, as 

759 interventions are relaxed, this will allow us to detect the earliest possible reliable signatures of a 

760 resurgence in cases should it occur, leading to an unambiguous characterisation of when it is 

761 necessary for some interventions to be reintroduced.

762

763 3.3 HOW SHOULD MODEL AND PARAMETER UNCERTAINTY BE 
764 COMMUNICATED?

765 SARS-CoV-2 transmission models have played a crucial role in shaping policies in different 

766 countries, and their predictions (and the scenarios that they have been used to explore) have been 

767 a regular feature of media coverage of the pandemic [135,152]. Understandably, both policy-

768 makers and journalists generally prefer single “best guess” figures from models, rather than a 

769 range of plausible values. However, the ranges of outputs that modellers provide include 

770 important information about the variety of possible scenarios and guard against over-

771 interpretation of model results. Not presenting information about uncertainty can convey a false 
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772 confidence in predictions, and it is critical that modellers present uncertainty in a way that is 

773 understandable and useful for policy-makers and the public [75].

774

775 There are numerous and often inextricable ways in which uncertainty enters the modelling 

776 process. Any model includes assumptions that inevitably vary according to judgements regarding 

777 which features should be included in the model [1,94] and which datasets are used to inform the 

778 model [153].  Within any model, ranges of parameter values can be considered to allow for 

779 uncertainty about clinical characteristics of COVID-19 (e.g. the infectious period and case 

780 fatality rate) [154].  Alternative initial conditions (e.g. numbers and locations of imported cases 

781 seeding national outbreaks, or levels of population susceptibility) can be considered. In 

782 modelling exit strategies, when surges in cases starting from small numbers may occur and 

783 where predictions will depend on characterising epidemiological parameters as accurately as 

784 possible, stochastic models may be of particular importance. Not all the uncertainty arising from 

785 such stochasticity will be reduced by collecting more data; it is inherent to the process.

786

787 Where models have been developed for similar purposes, formal methods of comparison can be 

788 applied, but in epidemiological modelling, models often have been developed to address 

789 different questions, possibly involving “what-if?” scenarios, in which case only qualitative 

790 comparisons can be made. The ideal outcome for policy-making is when different models 

791 generate similar conclusions, demonstrating robustness to the detailed assumptions 

792 involved. Where there is a narrowly defined requirement, such as short-term predictions of cases 

793 and deaths, more tractable tools for comparing the outputs from different models in real-time 

794 would be valuable. One possible approach is to assess and compare the models’ past 
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795 performance at making predictions [33,155]. The use of ensemble estimates, most commonly 

796 applied for forecasting disease trajectories, is a way to synthesise multiple models’ predictions 

797 into a single estimate [156,157]. The assessment and comparison of past performance can then 

798 be used to weight models in the ensemble. Such approaches typically lead to improved point and 

799 variance estimates.

800

801 To deal with parameter uncertainty, a common approach is to perform sensitivity analyses in 

802 which model parameters are repeatedly sampled from a range of plausible values, and the 

803 resulting model predictions compared; both classical and Bayesian statistical approaches can be 

804 employed [158–160]. Methods of uncertainty quantification provide a framework in which 

805 uncertainties with regard to model structure, values of epidemiological parameters, and data can 

806 be considered together. In practice, there is usually only a limited number of possible policies 

807 that can be implemented. An important question is often whether or not the optimal policy can be 

808 identified given the uncertainties we have described, and decision analyses can be helpful for this 

809 purpose [161,162].

810

811 In summary, communication of uncertainty to policy-makers and the general public remains a 

812 challenging area. Different levels of detail may be required for different audiences. There are 

813 many subtleties: for instance, almost any epidemic model can provide an acceptable fit to data in 

814 the early phase of an outbreak, since models almost invariably predict exponential growth. This 

815 can induce an artificial belief that the model must be based on sensible underlying assumptions, 

816 and the true uncertainty about such assumptions has vanished. Clear presentation of data is 

817 critical. For example, it is important not simply to present data on the numbers of cases, but also 
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818 include information about the numbers of individuals who have been tested. In addition, clear 

819 statements of the individual values used to calculate quantities such as the case fatality rate are 

820 vital, so that studies can be interpreted and compared correctly [163,164]. Going forwards, 

821 improved communication of model and parameter uncertainty is essential as models are used to 

822 predict the effects of different exit strategies.

823 SUMMARY AND DISCUSSION

824 In this article, we have highlighted a number of ongoing challenges in modelling the COVID-19 

825 pandemic, and uncertainties faced by most countries devising lockdown exit strategies. It is 

826 important, however, to put these issues into context: at the start of 2020 the virus was unknown, 

827 and its pandemic potential only became apparent at the end of January. The speed with which the 

828 scientific and public health communities came together to tackle this challenge and the openness 

829 in sharing data, methods and analyses are unprecedented. At very short notice, epidemic 

830 modellers were able to mobilise a substantial workforce – mostly on a voluntary basis – and 

831 state-of-the-art computational models. Far from the rough-and-ready tools sometimes depicted in 

832 the media, the modelling effort deployed since January is a collective and multi-pronged effort 

833 benefitting from years of experience of outbreak modelling, often combined with long-term 

834 engagement with public health agencies and policy-makers.

835

836 Drawing on this collective expertise, the virtual meeting convened in mid-May by the Isaac 

837 Newton Institute generated a clear overview of the steps needed to improve and validate the 

838 scientific advice to guide lockdown exit strategies. Importantly, the roadmap outlined in this 

839 paper is meant to be feasible within the lifetime of the pandemic. Unlike some scientific fields, 

840 infectious disease epidemiology does not have the luxury of waiting for all data to become 
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841 available before fully validated models must be developed. As discussed here, the solution lies in 

842 using diverse and flexible modelling frameworks that can be revised and improved iteratively as 

843 more data become available. Equally important is the ability to assess the data critically and 

844 bring together evidence from multiple fields: numbers of cases and deaths reported by regional 

845 or national authorities only represent a single source of data, and expert knowledge is even 

846 required to interpret these data correctly.

847

848 In this spirit, our first recommendation is to improve estimates of key epidemiological 

849 parameters. This requires close collaboration between epidemic modellers and the individuals 

850 and organisations that collect epidemic data, so that the caveats and assumptions on each side are 

851 clearly presented and understood. That is a key message from the first section of this study, in 

852 which the relevance of theoretical concepts and model parameters in the real world was 

853 demonstrated: far from ignoring the complexity of the pandemic, models draw from different 

854 sources of expertise to make sense of imperfect observations. By acknowledging the simplifying 

855 assumptions of models, we can assess their relative impacts and validate or replace them as new 

856 evidence becomes available.

857

858 Our second recommendation is to seek to understand important sources of heterogeneity that 

859 appear to be driving the pandemic and its response to interventions. Agent-based modelling 

860 represents one possible framework for modelling complex dynamics, but standard epidemic 

861 models can also be extended to include age groups or any other relevant strata in the population 

862 as well as spatial structure. Network models provide computationally efficient approaches to 
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863 capture different types of epidemiological and social interactions. Importantly, many modelling 

864 frameworks provide avenues for collaboration with other fields, such as the social sciences.

865

866 Our third and final recommendation regards the need to focus on data requirements, particularly 

867 (although not exclusively) in resource limited settings such as LMICs. Understanding the data 

868 required for accurate predictions in different countries requires close communication between 

869 modellers and governments, public health authorities and the general public. While this 

870 pandemic casts a light on social inequalities between and within countries, modellers have a 

871 crucial role to play in sharing knowledge and expertise with those who need it most. In LMICs, 

872 cost-effective guidance can be provided by models validated with global data. During the 

873 pandemic so far, countries that might be considered similar in many respects have often differed 

874 in their policies; either in the choice or the timing of restrictions imposed on their respective 

875 populations. Models are important for drawing reliable inferences from global comparisons of 

876 the relative impacts of different control measures. All too often, national death tolls have been 

877 used for political purposes in the media, attributing the apparent success or failure of particular 

878 countries to specific policies without presenting any convincing evidence. Modellers must work 

879 closely with policy-makers, journalists and social scientists to improve the communication of 

880 rapidly changing scientific knowledge while conveying the multiple sources of uncertainty in a 

881 meaningful way.

882

883 We are now moving into a stage of the COVID-19 pandemic in which data collection and novel 

884 research to inform the modelling issues discussed here are both possible and essential for global 

885 health. These are international challenges that require an international collaborative response 
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886 from diverse scientific communities, which we hope that this article will stimulate. This is of 

887 critical importance, not only to tackle this pandemic but also to improve the response to future 

888 outbreaks of emerging infectious diseases.
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