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Abstract 9 

The World Health Organization considers an Ebola outbreak to have ended once 42 days have 10 

passed since the last possible exposure to a confirmed case. Benefits of a quick end-of-outbreak 11 

declaration, such as reductions in trade/travel restrictions, must be balanced against the chance of 12 

flare-ups from undetected residual cases. We show how epidemiological modelling can be used 13 

to estimate the surveillance level required for decision-makers to be confident that an outbreak is 14 

over. Results from a simple model characterising an Ebola outbreak suggest that a surveillance 15 

sensitivity (i.e. case reporting percentage) of 79% is necessary for 95% confidence that an 16 

outbreak is over after 42 days without symptomatic cases. With weaker surveillance, 17 

unrecognised transmission may still occur: if the surveillance sensitivity is only 40%, then 62 18 

days must be waited for 95% certainty.  By quantifying the certainty in end-of-outbreak 19 

declarations, public health decision-makers can plan and communicate more effectively.   20 
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 25 

Main Text 26 

Introduction 27 

The 2018 Ebola outbreak in Equateur Province, Democratic Republic of the Congo (DRC), was 28 

brought under control following 54 cases between 5th April and 2nd June (1). Another unconnected 29 

outbreak was declared in DRC on 1st August 2018, and that outbreak is still in progress. It is about 30 

to become the second largest in history, with 421 probable and confirmed cases as of 26th 31 

November 2018 (2). Increasingly, decision-makers use forecasts generated using mathematical 32 

models to guide control measures when outbreaks are ongoing (3,4). However, less attention has 33 

been directed towards using mathematical modelling to inform decision-making at the ends of 34 

outbreaks (5).  35 

 36 

Determining when an outbreak of any infectious disease is over is important for decision-makers, 37 

as they need to choose when to relax control measures, scale-back the deployment of personnel 38 

and resources, adjust communication messages to the public, and re-establish confidence in 39 

commercial sectors such as agriculture and tourism. However, the difficulty of end-of-outbreak 40 

decision-making was illustrated during the 2013-16 Ebola epidemic, when the World Health 41 

Organization (WHO) declared Liberia disease-free four times only to have new cases detected 42 

after the first three declarations (Fig 1A). This raises an important question: how confident can 43 

public health decision-makers be when declaring an outbreak over?  44 

 45 

The proportion of cases identified by public health authorities through passive or active case 46 

finding, otherwise called the sensitivity of a surveillance system (6,7), is a critical parameter that 47 
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underlies how confident a decision-maker can be when declaring the end to an outbreak (8). The 48 

surveillance sensitivity is the ratio of the number of infectious cases detected to the total number 49 

of cases (including both cases that are detected and those that go unnoticed), and should not be 50 

confused with the sensitivity of a diagnostic test (i.e. the probability that the diagnostic test 51 

correctly identifies an infected host). Intuitively, there will be a lower confidence that an outbreak 52 

is over if the surveillance system has low sensitivity. However, decision-makers do not typically 53 

make quantitative assessments about the confidence in their end-of-outbreak decisions. A 54 

retrospective modelling study of the MERS-CoV outbreak in South Korea in 2015 concluded that, 55 

with no quantitative end-of-outbreak assessment, decision-makers took longer than 56 

epidemiologically necessary to declare the outbreak over (9), although we note that the sensitivity 57 

of the surveillance system was assumed to be 100% in that study. 58 

 59 

To illustrate how the confidence that an outbreak is over can be estimated, and that the confidence 60 

level can be increased by improving surveillance, we consider the situation of declaring the end of 61 

an Ebola outbreak. The WHO considers an Ebola outbreak to be over once 42 days have passed 62 

since the last possible exposure to a confirmed case without any new cases being detected (10), 63 

with this rule most often deployed at the scale of a single country. The incubation period (the time 64 

between an individual becoming infected and displaying recognisable symptoms) for Ebola has 65 

been estimated to be in the range of 2-21 days (11), and so the period of 42 days is based on two 66 

maximal incubation periods. For a disease that is transmitted directly from person-to-person, the 67 

passing of two incubation periods is epidemiologically relevant because additional between-person 68 

transmission is then unlikely. We use mathematical modelling to show that, if the surveillance 69 

sensitivity is 100%, then it is likely that an Ebola outbreak is over after 42 days without 70 
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symptomatic cases. However, we also demonstrate that, if the surveillance sensitivity is lower, 71 

there is an increased chance of undetected infected cases remaining after 42 days. This leads to a 72 

lower confidence that the outbreak is over after this time period. 73 

 74 

Although we focus on Ebola virus disease here, we note that the question of whether or not an 75 

infectious disease outbreak is over is not only important for diseases of humans, but also those of 76 

animals and plants. Declaring an outbreak over allows disease management interventions to be 77 

lifted, including restrictions on travel (12) and plant trade quarantine (13). The idea that 78 

improved surveillance may lead to increased confidence in an end-of-outbreak declaration is 79 

related to well-established theory regarding conducting surveys to ascertain the absence of a 80 

pathogen (see e.g. (14-19)). In that context, the more hosts are tested and found to be disease-81 

free, the higher the confidence that the entire population is disease-free. This can in turn be used 82 

to generate sample-size requirements to establish freedom from disease to pre-specified 83 

confidence levels. While initial studies in this area – motivated by the desire to limit pathogen 84 

transmission via the animal trade – assumed that the level of disease in the host population was 85 

static, more recent elaborations have included incorporation of dynamic models describing 86 

parasite/pathogen transmission in the host population (see e.g. (20,21)). Statistical disease 87 

freedom studies have not only been applied to animal disease epidemics, but the theory has also 88 

been used in the context of epidemics in populations of plants (22, 23) and humans (24). 89 

 90 

In this paper, rather than considering surveys of the host population at the apparent end of an 91 

outbreak, we show how the confidence in end-of-outbreak assessments can be estimated using 92 

epidemiological models once the surveillance system sensitivity has been approximated. Our 93 



 

5 
 

approach, which can be used when the outbreak in question is still ongoing, provides decision-94 

makers with a practical way to gauge whether current surveillance efforts will be sufficient to 95 

declare the outbreak over with conviction, or whether an intensification of surveillance is 96 

necessary instead. 97 

 98 

Methods 99 

We extended an epidemiological model commonly used for Ebola (the SEIR model, see e.g. 100 

(25,26)) to include imperfect surveillance (Fig 1B). In the resulting model (the SEICR model) 101 

individuals were classified according to whether they were (S)usceptible, (E)xposed, (I)nfectious 102 

and reporting disease, (C)ryptically infectious (i.e. infectious but not reporting disease), or 103 

(R)emoved. The parameters of the model and the baseline values used in our analyses to illustrate 104 

the model behaviour are given in Table 1, although we also tested the robustness of our results to 105 

these values (Fig S1). We ran stochastic simulations of the model, thereby including randomness 106 

in whether or not each outbreak was over when the number of symptomatic individuals (I) reached 107 

zero (for additional details, see the Supplementary Material). 108 

 109 

The surveillance sensitivity was implemented in the model via the proportion, d, of infectious 110 

individuals that reported disease (I) as opposed to remained cryptically infectious (C). When an 111 

individual left the exposed class, they either transitioned into the I class (with probability d) or into 112 

the C class (with probability 1 – d). The parameter d represents a proportion/probability and 113 

therefore lies between zero and one, whereas the surveillance sensitivity is reported as a 114 

percentage. As an example, the value d = 0.1 corresponds to a surveillance sensitivity of 10%. For 115 

simplicity, we assumed that whether or not an infectious individual reported disease did not alter 116 



 

6 
 

their infectiousness or duration of infection, although this simplification could be relaxed 117 

straightforwardly. As described above, the cryptically infectious class represents individuals that 118 

are infectious but do not report disease – this could include asymptomatic carriers that are 119 

infectious (27) or symptomatic individuals not reporting for reasons including a lack of access to 120 

healthcare (8). 121 

 122 

By continuing to run simulations after the number of symptomatic infectious individuals (I) 123 

reached zero, the confidence that an outbreak will be over, defined as the probability that no 124 

undetected infected hosts (E or C) remained in the population, was estimated at different time 125 

periods beyond the removal of the last detected case. 126 

 127 

Results 128 

We inferred the expected number of undetected infected cases once the number of symptomatic 129 

cases reached zero (Fig 1C), considering only outbreaks that successfully invaded the host 130 

population (outbreaks in which more than 20 individuals were ever infected). We estimated the 131 

confidence that the outbreak is over for different time periods beyond the removal of the last 132 

detected case (Fig 1D). For additional results with different model parameters, see the 133 

Supplementary Material. 134 

 135 

Since a period of 42 days has been estimated as twice the maximal incubation period for Ebola, it 136 

is unsurprising that, when the sensitivity of the surveillance system was perfect so that 100% of 137 

infectious cases were detected accurately, the model suggested a high confidence (more than 138 

97%) that an Ebola outbreak is over after 42 days without symptomatic cases. Additional new 139 
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cases could only occur if existing infected individuals remained pre-symptomatic, and this was 140 

very unlikely after this time period. However, when we assumed that the surveillance sensitivity 141 

was only 40%, an estimate made for Ebola surveillance in Liberia (28), the probability that Ebola 142 

cases remained in the population was 16%, leading to only an 84% confidence that the outbreak 143 

was finished (red line in Fig 1D). With such a low surveillance sensitivity, a period of 62 days 144 

with no cases would need to elapse to be 95% confident that an outbreak is over (light green line 145 

in Fig 1D), or 88 days to be 99% confident (dark green line in Fig 1D).  146 

 147 

Most Ebola cases in outbreak areas are reported via infected individuals presenting to a health 148 

facility or Ebola Treatment Unit. Close contacts of confirmed cases are also identified and 149 

usually followed for 21 days, to permit rapid identification if symptoms develop (29). Other case 150 

finding strategies may take place, for example visitations to identify and test suspect cases in 151 

disease hotspot regions or in rural areas where access to healthcare systems might be limited 152 

(30). Since surveillance can potentially be improved, for example by intensifying active case 153 

finding, the quantity of most practical value is the sensitivity of surveillance required for 154 

decision-makers to be confident that Ebola outbreaks are over after 42 days. We therefore 155 

considered the end-of-outbreak confidence for varying levels of the surveillance sensitivity (Fig 156 

1E). To be at least 95% confident that an Ebola outbreak is over after 42 days, surveillance 157 

needed to be at least 79% sensitive (light green line in Fig 1E). For lower surveillance levels, 158 

there is a significant chance (> 5%) of residual infectious cases remaining in the population, and 159 

these might generate outbreak flare-ups. 160 

 161 

Discussion 162 
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We have proposed an approach for decision-makers to estimate their confidence that an Ebola 163 

outbreak is over after 42 days (two maximal incubation periods) have passed with no new cases. 164 

In scenarios with a low surveillance sensitivity, decision-makers may either choose to wait 165 

longer than two incubation periods before declaring the end of an outbreak, take measures to 166 

increase the surveillance sensitivity, or adopt both of these approaches. Communicating that an 167 

outbreak is over following two incubation periods is epidemiologically coherent when the 168 

surveillance level is high, and so decision-makers may prefer to focus efforts on achieving a high 169 

surveillance sensitivity rather than adjusting the guideline period before declaring the end of an 170 

outbreak. However, in contexts that prevent strengthening of disease surveillance, for example if 171 

there is poor security due to armed conflict or other factors, extending the period with no cases 172 

before declaring an outbreak over may be the more pragmatic option. 173 

 174 

Sensitivity measurements are sometimes carried out for evaluation of surveillance systems (31). 175 

Analysis of the percentage of cases being recorded can be conducted using serological surveys 176 

(32) or by comparing multiple data sources (33). When an outbreak is ongoing, however, 177 

measuring the surveillance sensitivity might not be the first priority. For assessing the confidence 178 

in a potential end-of-outbreak declaration, it is most important to measure the surveillance 179 

sensitivity towards the apparent end of the outbreak, and so resources can be directed to this task 180 

after the acute outbreak period has passed. In scenarios in which the surveillance sensitivity is 181 

insufficient for declaring an outbreak over with confidence, remedial actions can be taken such 182 

as strengthening case finding for example via contact tracing (34), closer working with 183 

community leaderships to establish a case finding and reporting network (35), and/or providing 184 

incentives for successful case reporting (36), among other approaches. 185 
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 186 

In this paper, we sought to use a simple approach to demonstrate how the confidence in end-of-187 

outbreak declarations could be assessed, and to show that rigorous surveillance is extremely 188 

important. While accurate case reporting will minimise the chance of incorrect declarations that 189 

Ebola outbreaks are over in future, we note that surveillance during the outbreak alone is not 190 

always sufficient. In the 2013-16 Ebola epidemic in West Africa, additional cases occurred after 191 

regions were declared disease-free due to factors including persistently infected sources (37) and 192 

importation of the virus from other geographical regions (38).  There were suspicions of a flare-193 

up arising from a female survivor, who became infectious after her immune system was 194 

weakened due to pregnancy (39), although this remains unproven (40). There is also evidence 195 

that Ebola survivors might have the potential to drive new cases after long periods following 196 

apparent recovery (41), for example reports of the virus being detected in semen up to 18 months 197 

after symptom onset or isolated in cell culture up to 82 days after symptom onset (42,43). Here, 198 

we only considered potential flare-ups due to unreported cases, and did not explicitly model the 199 

possibility that Ebola survivors, who were assumed to have fully recovered, might drive 200 

additional cases. Recrudescence from survivors could, in theory, be included in assessments of 201 

the risk of outbreak flare-ups after outbreaks are declared over, however this would require 202 

sufficient understanding of the epidemiology of these rare events. While this understanding is 203 

developed, targeted monitoring of survivors beyond the WHO guideline period of 42 days that 204 

we consider here is also important.  This should be supplemented with advice for survivors on 205 

safe practices that will help to avoid additional flare-ups (44). 206 

 207 



 

10 
 

Extending our approach to other disease outbreaks might require elaborations to the underlying 208 

model.  To illustrate the principle that the surveillance sensitivity affects the confidence in end-209 

of-outbreak declarations, we modelled surveillance as simply as possible – by assuming that a 210 

proportion of infectious hosts report disease, but that reporting did not impact on the underlying 211 

transmission process. In practice, individuals that report disease are more likely to be subject to 212 

interventions that reduce infectiousness or shorten their infectious period, such as isolation or 213 

treatment. This could straightforwardly be built into the framework that we have presented. We 214 

also use a single parameter to denote the surveillance sensitivity, whereas in practice a 215 

surveillance program is likely to encompass many aspects, including both passive and active case 216 

finding strategies, that could be built explicitly into an epidemiological model. One of the 217 

benefits of our approach is that, in contrast to methods relying on surveys to prove disease 218 

absence, our analysis can be conducted in advance of the apparent end of the outbreak to see 219 

whether or not surveillance needs to be intensified. However, it might be possible to combine our 220 

approach with surveys to establish the end of an outbreak, and to make use of statistical methods 221 

for estimating the number of hosts to survey so that the probability of the population being 222 

disease-free exceeds a pre-specified threshold (14-24). 223 

 224 

Other extensions could include modelling the risk of importation of disease from other 225 

geographical locations (13), accounting for temporal or spatial variation in the surveillance 226 

sensitivity (8), or allowing for the possibility of introductions of immunologically naïve hosts 227 

resulting from population displacement (45).  Additional refinement would be needed to estimate 228 

the confidence in end-of-outbreak declarations when diseases that persist at low endemic levels 229 

in a population have returned below an outbreak threshold prevalence, an important 230 
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consideration for outbreaks of diseases such as cholera and yellow fever. Nonetheless, we have 231 

demonstrated that measurement of the sensitivity of surveillance can help decision-makers 232 

estimate their confidence that an outbreak has ended.  Moreover, after measuring the 233 

performance of disease surveillance systems, the confidence that an outbreak has ended can be 234 

increased by optimising the surveillance system. 235 

 236 

Communicating the confidence in end-of-outbreak decisions, as our framework permits, is 237 

helpful for decision-makers and the public, and it will increase trust in public health 238 

organisations such as WHO. Measurements of the surveillance sensitivity during outbreaks are 239 

not always routinely taken, but we think that by providing a useful way to use measures of 240 

surveillance system performance, decision-makers will be motivated to implement what should 241 

be considered as good practice. We encourage the use of quantitative approaches, such as the one 242 

we describe here, to inform decisions regarding the continuation of disease control measures, 243 

appropriate use of resources, and communication of public health messages to the public towards 244 

the end of an outbreak. 245 

 246 

Figure caption 247 

Fig. 1. The confidence in end-of-outbreak declarations following the apparent end of an Ebola outbreak. 248 
A) Schematic showing the sequence of events in Liberia at the end of the 2013-16 Ebola epidemic, in 249 
which the outbreak was incorrectly declared over three times. B) Schematic of the compartmental model 250 
used in our analyses. C) The number of hidden cases (E or C) remaining in simulated Ebola outbreaks at 251 
the first timepoint at which the number of symptomatic cases (I) reaches zero. D) The confidence in end-252 
of-outbreak declarations (i.e. the probability that no undetected infections (E or C) remain in the 253 
population), for different time periods after removal of the “final” symptomatic case (blue) at the ends of 254 
major outbreaks (outbreaks in which more than 20 individuals are ever infected). The current WHO 255 
guideline period of 42 days leads to a confidence of 0.84 that the outbreak is over (red), whereas periods 256 
of 62 or 88 days correspond to confidences of 0.95 (light green) and 0.99 (dark green), respectively. E) 257 
The confidence in end-of-outbreak declarations made 42 days after removal of the “final” symptomatic 258 
case, for different values of the surveillance sensitivity (blue). For an end-of-outbreak confidence of 0.95 259 
after 42 days without symptomatic cases, a surveillance sensitivity of 79% is required (light green). The 260 
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results in panels C and D were obtained using 10,000 simulations of the model, and the results in panel E 261 
were obtained using 10,000 simulations of the model for each possible value of the surveillance 262 
sensitivity. 263 

 264 

Table 1 265 

Epidemiological 
parameter Meaning 

Baseline value 
(used except where 

stated) 
Justification 

𝛽𝛽 Infection rate 2.7 × 10-6 day-1 
Chosen such that 
𝑅𝑅0 = 2 (see e.g. 

(46,47)) 
1 𝛾𝛾⁄  Incubation period 12.27 days (48) 
1 𝜇𝜇⁄  Infectious period 7.37 days (48) 

𝑁𝑁 Effective population 
size 100,000 

For consistency of 
mean final size of 

simulated epidemics 
with 2013-16 Ebola 

epidemic 

𝑑𝑑 
Proportion of 

infectious hosts 
reporting disease 

0.4 (28) 

 266 
Table 1. Epidemiological parameters of the SEICR model, along with the default values used in our analyses (except 267 
where stated in the relevant figure captions) and references supporting the values used. We also tested the robustness 268 
of our results to the values of N, d and 𝛽𝛽 (Fig S1). For more details about the model and its parameterisation, see 269 
Supplementary Material. 270 

 271 

 272 

References 273 

1. World Health Organization. Ebola virus disease – Democratic Republic of the Congo. 274 

Declaration of the end of the outbreak. 275 

http://apps.who.int/iris/bitstream/handle/10665/273348/SITREP_EVD_DRC_20180725-276 

eng.pdf?ua=1. Accessed 10 August 2018. 277 

2. World Health Organization. Ebola virus disease – Democratic Republic of the Congo. 278 

External situation report 17. 279 

http://apps.who.int/iris/bitstream/handle/10665/276198/SITREP_EVD_DRC_20181128-280 



 

13 
 

eng.pdf?ua=1. Accessed 29 November 2018. 281 

3. Lofgren ET, Halloran ME, Rivers CM, et al. Opinion: Mathematical models: A key tool 282 

for outbreak response. Proc. Natl. Acad. Sci. 2014; 111: 18095–18096. 283 

4. The Ebola Outbreak Epidemiology Team.  Outbreak of Ebola virus disease in the 284 

Democratic Republic of the Congo, April-May, 2018: an epidemiological study. Lancet 285 

2018; 18: S0140-6736. 286 

5. Nishiura H. Methods to determine the end of an infectious disease epidemic: A short 287 

review, in ‘Mathematical and Statistical Modeling for Emerging and Re-emerging 288 

Infectious Diseases’ by Chowell G and Hyman JM. Springer, 2016. 289 

6. Stone E, Miller L, Jasperse J, et al. Community event-based surveillance for Ebola virus 290 

disease in Sierra Leone: implementation of a national-level system during a crisis. PLoS 291 

Curr. 2016; 1.  292 

7 Ratnayake R, Crowe SJ, Jasperse J, et al. Assessment of community event-based 293 

surveillance for Ebola virus disease, Sierra Leone, 2015. Emerg. Inf. Dis. 2016; 22: 1431-294 

1437. 295 

8 Dalziel BD, Yau MSY, Tiffany A, et al. Unreported cases in the 2014-16 Ebola 296 

epidemic: Spatiotemporal variation, and implications for estimating transmission. PLoS. 297 

Negl. Trop. Dis. 2018; 12: e0006161. 298 

9. Nishiura H, Miyamatsu Y, Mizumoto K. Objective determination of end of MERS 299 

outbreak, South Korea, 2015. Emerg. Inf. Dis. 2016; 22: 146–148. 300 

10. World Health Organization. Criteria for declaring the end of the Ebola outbreak in 301 

Guinea, Liberia or Sierra Leone. http://www.who.int/csr/disease/ebola/declaration-ebola-302 

end/en/. Accessed 21 May 2018. 303 

11. Briand S, Bertherat E, Cox P, et al. The international Ebola emergency. N. Eng. J. Med. 304 

2014; 371: 1180–1183. 305 



 

14 
 

12. Sharpley R, Craven B. The 2001 foot and mouth crisis – rural economy and tourism 306 

policy implications: a comment. Curr. Issues Tour. 2001; 4: 527-537. 307 

13. Thompson RN, Cobb RC, Gilligan CA, Cunniffe NJ. Management of invading pathogens 308 

should be informed by epidemiology rather than administrative boundaries. Ecol. Model. 309 

2016; 324: 28-32. 310 

14. Cameron AR, Baldock FC. A new probability formula for surveys to substantiate 311 

freedom from disease. Prev. Vet. Med. 1998; 34: 1-17. 312 

15. Cannon RM. Sense and sensitivity – designing surveys based on an imperfect test. Prev. 313 

Vet. Med. 2001; 49: 141-163. 314 

16. Cannon RM. Demonstrating disease freedom – combining confidence levels. Prev. Vet. 315 

Med. 2002; 52: 227-249. 316 

17. Martin PAJ, Cameron AR, Greiner M. Demonstrating freedom from disease using 317 

multiple complex data sources: 1: A new methodology based on scenario trees. Prev. Vet. 318 

Med. 2007; 79: 71-97. 319 

18. Martin PAJ, Cameron AR, Barfod K, et al. Demonstrating freedom from disease using 320 

multiple complex data sources: 2: Case study – Classical swine fever in Denmark. Prev. 321 

Vet. Med. 2007; 79: 98-115. 322 

19. Cameron AR, Baldock FC. Two-stage sampling in surveys to substantiate freedom from 323 

disease. Prev. Vet. Med. 1998; 34: 19–30.  324 

20. Michael E, Smith ME, Katabarwa MN, et al. Substantiating freedom from parasitic 325 

infection by combining transmission model predictions with disease surveys. Nat. 326 

Commun. 2018; 18: 4324. 327 

21. Bourhis Y, Gottwald TR, Lopez-Ruiz FJ, et al. Sampling for disease absence – 328 

deriving informed monitoring from epidemic traits. J. Theor. Biol. 2019; 461: 8-16. 329 



 

15 
 

22. Parnell S, van den Bosch F, Gottwald T, et al. Surveillance to inform control of emerging 330 

plant diseases: an epidemiological perspective. Annu. Rev. Phytopathol. 2017; 55: 591-331 

610. 332 

23. Hester S, Sergeant E, Robinson AP, et al. Animal, vegetable, or…? A case study in 333 

using animal-health monitoring design tools to solve a plant-health surveillance 334 

problem. In ‘Biosecurity Surveillance: Quantitative Approaches’, ed. Jarrad F, Low-335 

Choy S, Mengersen K. 2015. 336 

24. Thompson CN, Lee CT, Immerwahr S, et al. Sampling considerations for a potential Zika 337 

virus urosurvey in New York City. Epidem. and Infect. 2018; 146: 1628-1634. 338 

25. Althaus CL. Estimating the reproduction number of Ebola virus (EBOV) during the 2014 339 

outbreak in West Africa. PLoS. Curr. 2014; 6. 340 

26. Thompson RN, Gilligan CA, Cunniffe NJ. Detecting presymptomatic infection is 341 

necessary to forecast major epidemics in the earliest stages of infectious disease 342 

outbreaks. PLoS Comp. Biol. 2016; 12: e1004836. 343 

27. Chisholm RH, Campbell PT, Wu Y, et al. Implications of asymptomatic carriers for 344 

infectious disease transmission and control. R. Soc. Open. Sci. 2018; 5: 172341. 345 

28. Meltzer MI, Atkins CY, Santibanez S, et al. Estimating the future number of cases in the 346 

Ebola epidemic – Liberia and Sierra Leone, 2014–2015. MMWR Surveill. Summ. 2014; 347 

63: 1–4. 348 

29. World Health Organization. Implementation and management of contact tracing for 349 

Ebola virus disease. https://www.who.int/csr/resources/publications/ebola/contact-350 

tracing/en/. Accessed 29 November 2018. 351 

30. Namukose E, Bowah C, Cole I, et al. Active case finding for improved Ebola virus 352 

disease case detection in Nimba County, Liberia. Adv. Public Health 2018; 1: 6753519. 353 



 

16 
 

31. German RR, Lee LM, Horan JM et al. Updated guidelines for evaluating public health 354 

surveillance systems: recommendations from the Guidelines Working Group. MMWR 355 

Recomm. Rep. 2001; 50: 1-35. 356 

32. Mbala P, Baguelin M, Ngay I, et al. Evaluating the frequency of asymptomatic Ebola 357 

virus infection. Phil. Trans. R. Soc. B. 2017; 372: 20160303. 358 

33. Gignoux E, Idowu R, Bawo L, et al. Use of capture–recapture to estimate underreporting 359 

of Ebola virus disease, Montserrado County, Liberia. Emerg. Inf. Dis. 2015; 21: 2265-360 

2267. 361 

34. Senga M, Moses L, Wauquier N, et al. Contact tracing performance during the Ebola 362 

virus disease outbreak in Kenema district, Sierra Leone. Phil. Trans. R. Soc. B. 2017; 363 

372: 20160300. 364 

35. Hagan JE, Smith W, Pillai SK, et al. Implementation of Ebola case-finding using a 365 

village chieftaincy taskforce in a remote outbreak – Liberia, 2014. MMWR Morb. Mortal. 366 

Wkly. Rep. 2015; 64: 183-185. 367 

36. Kutalek R, Wang S, Fallah M, Wesseh CS, Gilbert J. Ebola interventions: listen to 368 

communities. Lancet Glob. Health 2015; 3: e131. 369 

37. Blackley DJ, Wiley MR, Ladner JT, et al. Reduced evolutionary rate in reemerged Ebola 370 

virus transmission chains. Sci. Adv. 2016; 2: e1600378. 371 

38. Weah VD, Doedeh JS, Wiah SQ, Nyema E, Lombeh S, Naiene J. Enhancing Ebola virus 372 

disease surveillance and prevention in countries without confirmed cases in rural Liberia: 373 

experiences from Sinoe County during the flare-up in Monrovia, April to June, 2016. 374 

PLoS Curr. 2017; 9. 375 

39. Farge E, Giahyue JH. Female survivor may be cause of Ebola flare-up in Liberia, 376 

featured in ‘Kaye, Clin. Inf. Dis. 62, 2016’. Reuters. 2015. 377 



 

17 
 

40. Fallah MP, Skrip LA, Dahn BT, et al. Pregnancy outcomes in Liberian women who 378 

conceived after recovery from Ebola virus disease. Lancet 2016; 4: e678–e679. 379 

41. Lee H, Nishiura H. Recrudescence of Ebola virus disease outbreak in West Africa, 2014-380 

16. Int. J. Inf. Dis. 2017; 64: 90–92. 381 

42. Vetter P, Dayer J-A, Schibler M, et al. The 2014-15 Ebola outbreak in West Africa: 382 

Hands on. Antimicrob. Resist. Infect. Control 2016; 5: 1–17. 383 

43. Subissi L, Keita M, Mesfin S, et al. Ebola virus transmission caused by persistently 384 

infected survivors of the 2014-16 outbreak in West Africa. J. Inf. Dis. 2018; 1: 1-6. 385 

44. Soka MJ, Choi MJ, Baller A, et al. Prevention of sexual transmission of Ebola in Liberia 386 

through a national semen testing and counselling programme for survivors: an analysis of 387 

Ebola virus RNA results and behavioural data. Lancet 2016; 4: e736-e743. 388 

45. Watson JT, Gayer M, Connolly MA. Epidemics after natural disasters. Emerg. Inf. Dis. 389 

2007; 13: 1-5. 390 

46. Van Kerkhove MD, Bento AI, Mills HL, et al. A review of epidemiological parameters 391 

from Ebola outbreaks to inform early public health decision-making. Sci. Data 2015; 2: 392 

150019. 393 

47. Krauer F, Gsteiger S, Low N, et al. Heterogeneity in district-level transmission of Ebola 394 

virus disease during the 2013-2015 epidemic in West Africa. PLoS Negl. Trop. Dis. 395 

2016; 10: e0004867. 396 

48. Velásquez GE, Aibana O, Ling EJ, et al. Time from infection to disease and 397 

infectiousness for Ebola virus disease, a systematic review. Clin. Inf. Dis. 2015; 61: 398 

1135-1140. 399 

 400 

Acknowledgments  401 



 

18 
 

Thanks to the organisers of the 2018 Hackout meeting, particularly Thibaut Jombart, at which 402 

discussions about this work took place between RNT, OWM and KJ. Thanks to Amy Dighe and 403 

Finlay Campbell for helpful comments.  404 

Competing interests 405 

We have no competing interests. 406 

Authors’ contributions  407 

RNT conceived the research; All authors designed the study; RNT carried out the research; RNT 408 

drafted the manuscript; All authors revised the manuscript and gave final approval for 409 

publication. 410 

Funding 411 

RNT was funded by a Junior Research Fellowship from Christ Church, Oxford.  412 


	The 2018 Ebola outbreak in Equateur Province, Democratic Republic of the Congo (DRC), was brought under control following 54 cases between 5th April and 2nd June (1). Another unconnected outbreak was declared in DRC on 1st August 2018, and that outbre...
	Determining when an outbreak of any infectious disease is over is important for decision-makers, as they need to choose when to relax control measures, scale-back the deployment of personnel and resources, adjust communication messages to the public, ...
	The proportion of cases identified by public health authorities through passive or active case finding, otherwise called the sensitivity of a surveillance system (6,7), is a critical parameter that underlies how confident a decision-maker can be when ...
	To illustrate how the confidence that an outbreak is over can be estimated, and that the confidence level can be increased by improving surveillance, we consider the situation of declaring the end of an Ebola outbreak. The WHO considers an Ebola outbr...
	In this paper, rather than considering surveys of the host population at the apparent end of an outbreak, we show how the confidence in end-of-outbreak assessments can be estimated using epidemiological models once the surveillance system sensitivity ...
	Methods
	We extended an epidemiological model commonly used for Ebola (the SEIR model, see e.g. (25,26)) to include imperfect surveillance (Fig 1B). In the resulting model (the SEICR model) individuals were classified according to whether they were (S)usceptib...
	The surveillance sensitivity was implemented in the model via the proportion, d, of infectious individuals that reported disease (I) as opposed to remained cryptically infectious (C). When an individual left the exposed class, they either transitioned...
	By continuing to run simulations after the number of symptomatic infectious individuals (I) reached zero, the confidence that an outbreak will be over, defined as the probability that no undetected infected hosts (E or C) remained in the population, w...
	Fig. 1. The confidence in end-of-outbreak declarations following the apparent end of an Ebola outbreak. A) Schematic showing the sequence of events in Liberia at the end of the 2013-16 Ebola epidemic, in which the outbreak was incorrectly declared ove...
	We have no competing interests.
	RNT conceived the research; All authors designed the study; RNT carried out the research; RNT drafted the manuscript; All authors revised the manuscript and gave final approval for publication.
	RNT was funded by a Junior Research Fellowship from Christ Church, Oxford.

