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Abstract. Late detection of emerging viral transmission allows outbreaks to spread 22 

uncontrolled, the devastating consequences of which are exemplified by recent epidemics of 23 

Ebola virus disease. Especially challenging in places with sparse healthcare, limited 24 

diagnostic capacity, and public health infrastructure, syndromes with overlapping febrile 25 

presentations easily evade early detection. There is a clear need for evidence-based and 26 

context-dependent tools to make syndromic surveillance more efficient. Using published data 27 

on symptom presentation and incidence of 21 febrile syndromes, we develop a novel 28 

algorithm for aetiological identification of case clusters and demonstrate its ability to identify 29 

outbreaks of dengue, malaria, typhoid fever, and meningococcal disease based on clinical 30 

data from past outbreaks. We then apply the same algorithm to simulated outbreaks to 31 

systematically estimate the syndromic detectability of outbreaks of all 21 syndromes. We 32 

show that while most rare haemorrhagic fevers are clinically distinct from most endemic 33 

fevers in sub-Saharan Africa, VHF detectability is limited even under conditions of perfect 34 
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syndromic surveillance. Furthermore, even large clusters (20+ cases) of filoviral diseases 35 

cannot be routinely distinguished by the clinical criteria present in their case definitions 36 

alone; we show that simple syndromic case definitions are insensitive to rare fevers across 37 

most of the region. We map the estimated detectability of Ebola virus disease across sub-38 

Saharan Africa, based on geospatially mapped estimates of malaria, dengue, and other fevers 39 

with overlapping syndromes. We demonstrate “hidden hotspots” where Ebola virus is likely 40 

to spill over from wildlife and also transmit undetected for many cases. Such places may 41 

represent both the locations of past unobserved outbreaks and potential future origins for 42 

larger epidemics. Finally, we consider the implications of these results for improved locally 43 

relevant syndromic surveillance and the consequences of syndemics and under-resourced 44 

health infrastructure for infectious disease emergence.  45 
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Introduction 46 

 47 

Outbreaks of Ebola virus disease (EVD) and other emerging zoonotic diseases are most 48 

easily contained during the first few transmission cycles, when cases are localised and small 49 

in number 1. Numbers of case contacts—and corresponding difficulties and costs of 50 

containment—grow exponentially in an epidemic’s earliest stages and may quickly 51 

overwhelm local healthcare capacity 2. Despite the critical importance of detection in these 52 

early stages, we have rarely detected EVD soon enough; we recently estimated that only 25-53 

30% of past EVD outbreaks of five cases or fewer have been detected and reported 3. Many 54 

other emerging diseases, including other viral haemorrhagic fevers (VHFs), have received 55 

less attention than EVD, and detection rates are likely to be even lower in the early stages of 56 

an epidemic 4.  57 

 58 

Prompt detection of emerging viruses is limited by access to health care, local diagnostic 59 

capacity, and reporting efficiency. Rural clinics in West Africa, for example, generally lack 60 

local access to laboratory methods for definitive confirmatory testing for pathogens such as 61 

yellow fever and dengue viruses, and are even less likely to have tests for Ebola virus and 62 

similarly rare pathogens 5,6. In this context, early detection of VHF outbreaks requires that 63 

clinicians differentially diagnose often-nonspecific febrile syndromes against a background 64 

of widespread febrile illness, a particularly challenging process in places with limited health 65 

and public health infrastructure 6–8. Even in the relatively well-financed international 66 

responses to Ebola outbreaks, triaging patients for Ebola risk based on clinical presentation is 67 

a difficult task 9–11. Furthermore, practitioners’ knowledge of clinical profiles of rare or 68 

emerging diseases may be inaccurate or inappropriate for many settings, especially for 69 

vector-borne diseases caused by a variety of strains and for which mild cases are often 70 

unobserved 12,13. 71 

 72 

In addition to infrastructure for detection, the endemic context in which spillover occurs 73 

contributes to the detectability of diseases with similar presentations. In resource-limited 74 

clinical settings, treating as many patients as possible is often a higher priority than 75 

diagnosing any specific disease or performing particular surveillance functions. Diagnosis is 76 

often performed through trial and error with treatment rather than through the use of 77 

laboratory testing 5. In parts of sub-Saharan Africa, for example, febrile illnesses are often 78 

misdiagnosed as common diseases such as malaria, even in the presence of unusual clinical 79 
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features or negative malaria test results 14. Furthermore, these settings face compounding 80 

challenges caused by limited training and infrastructure. Healthcare workers are not well 81 

positioned to be able to quickly and thoroughly interpret relatively rare and/or subjective 82 

clinical features such as hiccups or fatigue—and under-resourced places with limited 83 

diagnostic capacity are also likely to face more endemic noise from other poorly controlled 84 

diseases 5,15. 85 

 86 

Until diagnostic capacity and public health infrastructure improve in many low- and middle-87 

income countries, syndromic surveillance is likely to remain the primary method of detecting 88 

emerging outbreaks. New methods are needed to improve the efficacy of this approach. To 89 

model the current state of syndromic surveillance and understand opportunities for 90 

improvement, we develop a Bayesian algorithm for aetiological identification of outbreaks 91 

based on case clinical features. We test this algorithm against data from 87 outbreaks of 92 

dengue, meningococcal disease, malaria, and typhoid fever. We then simulate outbreaks of 93 

21 different syndromes to estimate the detectability of each (i.e., the estimated probability of 94 

a cluster of cases being correctly identified by a syndromic surveillance regime, based on its 95 

clinical features) as a function of the number of cases. We examine spatial heterogeneity in 96 

syndrome detectability across sub-Saharan Africa by incorporating estimates of malaria, 97 

dengue, yellow fever, and diarrheal disease incidence at high spatial resolution, as well as the 98 

ecological risk distributions of Crimean-Congo haemorrhagic fever and Ebola virus disease. 99 

By estimating detectability across this spatially variant endemic context, we identify potential 100 

“hidden hotspots” where VHFs are especially likely to spill over and transmit among people. 101 

 102 

Materials and methods 103 

 104 

Data collection.  105 

 106 

We selected 21 potentially haemorrhagic febrile syndromes based on their clinical 107 

presentations and incidences (see Text S1 for inclusion criteria). These VHFs span a range of 108 

ecological and epidemiological characteristics, including mammalian zoonoses (e.g., EVD, 109 

Marburg virus disease) and vector-borne diseases (e.g., epidemic typhus and Crimean-Congo 110 

haemorrhagic fever). We also generated profiles for the more common febrile syndromes that 111 

comprise the endemic context of selected VHFs. Based on an extensive search of the clinical 112 

literature, including case and outbreak reports, we then estimated the probability distributions 113 
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of a range of signs and symptoms for each syndrome (i.e., clinical features; see Text S1). We 114 

also gathered estimates of the incidence of each disease by country from the Global Burden 115 

of Disease Survey; where these were not available for a disease, we estimated spillover rates 116 

from the literature. We incorporated and performed a sensitivity analysis on the effects of a 117 

“spillover scalar” to weight the prior probabilities of these rarer diseases in the algorithm (see 118 

Text S1). 119 

 120 

Syndromic identification and detectability. 121 

 122 

To summarise overlap in clinical features among the 21 syndromes, we created a matrix of 123 

syndromic distances, with all signs and symptoms normalized by the incidence-weighted 124 

probability of clinical feature occurrence among all cases. We defined the syndromic distance 125 

between syndromes as the Euclidean distance across each pair of sign/symptom probabilities, 126 

weighted by a scalar derived from t-SNE 16 to account for collinearity between symptoms 127 

(𝜃!; Text S2). 128 

 129 

For each syndrome, we then calculated normalised probabilities (𝑃",$) of c cases of syndrome 130 

n being identified as any of M total syndromes. Where clinical features x are simulated from 131 

beta-binomial draws (𝑥!,$ = 𝑋~𝐵𝑖𝑛(𝑐, 𝑝~𝐵𝑒𝑡𝑎(𝑣!𝑝!.$, 𝑣!(1 − 𝑝!.$)	)), Im is the incidence 132 

of syndrome m, and 𝑣! is estimated to approximate heterogeneity in presentation for each 133 

clinical feature (Text S1), these values are: 134 

 135 

𝑃",$𝑃(𝑥) =
𝐼$

∑ 𝐼&'
&()

8𝜃!
𝐵9𝑥!,$ + 𝑣!𝑝!,$, 𝑐 − 𝑥!,$ + 1 − 𝑣!𝑝!,$;

𝐵(𝑣!𝑝!,$, 91 − 𝑣!𝑝!,$;)

*

!()

 136 

 137 

𝑃<",$ =
𝑃",$𝑃(𝑥)

𝑃(𝑥)∑ 𝑃",&'
&()

 138 

 139 

We refer to the quantity 𝑃<",$ as the ‘detectability’ of syndrome n at cluster size c, representing 140 

the theoretical maximum sensitivity of syndromic surveillance of syndrome clusters based on 141 

their expected clinical presentations (considering only the K=18 clinical features for which 142 

we collected data). The expected detectable size of a syndrome n within its local disease 143 

context is the minimum cluster size c for which 𝑃<",$ > 0.5. Unless otherwise stated, we used 144 
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the medians (and appropriate quantiles for 95% confidence intervals and interquartile ranges) 145 

of 100 Monte Carlo simulations as detectability estimates. 146 

 147 

Analysis. 148 

 149 

We first calibrated the spillover scalar and collinearity parameters using to a grid search 150 

(Text S3). To understand model performance on real data, we applied the aetiological 151 

identification algorithm to a published dataset of clinical feature data from 87 outbreaks of 152 

malaria, dengue, meningococcal disease, and typhoid fever in South Asia (Text S3). As the 153 

outbreaks in the dataset varied in terms of the number of clinical feature probabilities 154 

reported, we estimated both the probability of correct aetiological identification of the 155 

outbreak and the expected detectability of the outbreak given the clinical features reported. 156 

 157 

We then estimated the clinical syndromic distances between each of the 21 syndromes and 158 

their detectability over the course of an outbreak (up to 20 cases) under different syndromic 159 

surveillance regimes (i.e., considering all symptoms, typical symptoms, or minimal VHF 160 

symptoms; Text S1). Finally, to estimate geospatial variability in the difficulty of detecting 161 

Ebola virus outbreaks, we estimated mean detectability of 5 simulated 10-case EVD clusters 162 

across sub-Saharan Africa using high-spatial resolution incidence estimates for malaria 17,18, 163 

yellow fever 19, dengue 20, Crimean-Congo haemorrhagic fever 21, diarrhoeal diseases, 164 

typhoid, and invasive non-typhoidal Salmonella 22,23 (Text S4). 165 

 166 

Results 167 

 168 

Algorithm performance on historical outbreaks. 169 

 170 
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 7 

 
Figure 1. Posterior probabilities of correct algorithmic identification of dengue, 

malaria, meningococcal disease, and typhoid fever outbreaks in South Asia, as a 

function of the size of the simulated outbreak and the number of relevant clinical 

features reported for the outbreak. Each line corresponds to one real-world disease 

outbreak in South Asia, with a different set of reported clinical features available for 

each outbreak. 

 171 

On the test set of 87 malaria, dengue, meningococcal septicaemia, and typhoid fever 172 

outbreaks from South Asia, the calibrated algorithm correctly identified the true outbreak 173 

cause in almost all cases, its accuracy increasing with the number of clinical features 174 

available and the size of the outbreak/symptom cluster (Fig. 1). Posterior probabilities of the 175 

true outbreak aetiologies, across all outbreaks and cluster sizes, were higher than the 176 

respective incidence-based prior probabilities in 94% of cases (Fig. S6-A). To account for 177 

variability in data quality—e.g., we expected poor algorithm performance when applied to 178 

those outbreaks for which only one or two clinical features were reported—we also estimated 179 

a performance ratio for each outbreak (Text S5). According to this ratio, malaria detection 180 
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 8 

probabilities were consistently higher than expected, while dengue and meningococcal 181 

detection probabilities were consistent with expectations (Fig. S6-B). Algorithm performance 182 

on typhoid outbreaks was the least accurate, with seven of ten outbreaks predicted to have 183 

less than 10% of their expected probability (Fig. S6-B). Typhoid outbreaks with several 184 

clinical features reported tended to be misidentified as diarrhoeal diseases with a higher-than-185 

expected probability, and those with few symptoms reported (in several instances, only a low 186 

probability of death and/or haemorrhage) tended to be misidentified as lower or upper 187 

respiratory infections with a higher-than-expected probability (Fig. S6-C).  188 

 189 

Estimated detectability of febrile outbreaks. 190 
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 191 

Figure 2. Aetiological posterior probabilities assigned to clinical feature clusters of 192 

between 1 and 20 cases, based on application of the aetiological identification algorithm 193 

to 100 simulated clusters of each syndrome, including all 18 clinical features. Squares in 194 

the upper right corner of each plot indicate the colour of the “true” syndrome, i.e., the 195 

syndrome used to simulate clinical feature clusters. 196 
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 10 

By applying our aetiological identification algorithm to simulated outbreaks of all 21 198 

syndromes, we estimate the detectable sizes of each syndrome as well as likely 199 

misidentifications between syndromes (Fig. 2). We estimate, for example, that Ebola virus 200 

disease and Marburg virus disease (MVD) are most likely to be misidentified as dengue 201 

haemorrhagic fever, yellow fever, or typhoid fever. The clinical features caused by EVD and 202 

MVD outbreaks are more likely to be caused by other diseases until at least 6 and 7 cases 203 

occur, respectively. Before this detectability threshold, the balance of probabilities suggests a 204 

few cases of more common aetiologies are presenting with rare clinical features; after this 205 

threshold, the presentation of cases is unusual enough to suggest a common presentation of 206 

extremely rare aetiologies (i.e., filoviral disease). We summarise the estimated 207 

detectabilities—i.e., probabilities of correct aetiological identification—for each syndrome in 208 

Fig. 3, as a function of both cluster size and clinical features considered. 209 

 210 

Other rare VHFs and zoonotic diseases have greater syndromic overlap with malaria, 211 

including Rift Valley fever and epidemic typhus (Fig. 2); these two syndromes are not 50% 212 

detectable until clusters of 12 and 15 cases, respectively (Fig.  3). Lassa fever overlaps most 213 

with malaria at small cluster sizes (approx. 1-5 cases) and dengue haemorrhagic fever at 214 

larger sizes (approx. 5+ cases) and is not 50% detectable until a cluster size of 25 cases. 215 

Considering all 18 clinical features included in our database, most other syndromes reach 216 

50% detectability within the first 5 cases; this includes moderately rare syndromes such as 217 

leptospirosis, yellow fever, and typhoid fever. Reducing the range of clinical features 218 

considered dramatically reduces identifiability of most syndromes (Fig 3). Considering only 219 

minimal VHF features (i.e., fever, haemorrhage/bleeding, death, hiccups, and jaundice) 220 

renders most syndromes undetectable by 20 cases, suggesting that e.g., case definitions for 221 

EVD or MVD are insufficient to detect them within the first 20 cases. However, the addition 222 

of nonstandard symptoms improves the detectability of filoviral diseases and other VHFs 223 

substantially. 224 

 225 
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 226 
Figure 3. Detectability of selected infectious syndromes in sub-Saharan Africa when 227 

considering different sets of clinical feature. Left: all clinical features included in our 228 

database (i.e., fever, diarrhoea, death, fatigue or weakness, anorexia, nausea and/or 229 

vomiting, abdominal pain, any haemorrhage or bleeding, sore throat, cough, hiccups, 230 

headache, and jaundice). Centre: minimal viral haemorrhagic fever signs and 231 

symptoms (i.e., fever, death, hiccups, jaundice, and haemorrhage/bleeding). Right: only 232 

symptoms typical of a syndrome (i.e., those more common for a syndrome than for the 233 

incidence-weighted mean of all included syndromes). 234 

 235 

Spatial variation in detectability of Ebola virus disease outbreaks. 236 

 237 

Considering endemic context at a higher spatial resolution reveals heterogeneity in 238 

detectability and regions where EVD is most able to spread undetected (Fig. 4-A). Where 239 

existing risk maps for EVD consider the ecological niche of Ebola virus in reservoir hosts 240 

and/or human population density and movement, we add an entirely new layer to the EVD 241 

map representing variation in outbreak detectability. Considering detectability of EVD 242 

clusters in the context of existing geospatial estimates of spillover risk demonstrates potential 243 

“hidden hotspots” where EVD is both most able to spread undetected by syndromic 244 

surveillance and most likely to spill over from wildlife into people (Fig. 4-B). These potential 245 

hidden hotspots include central coastal West Africa, northern provinces of the Democratic 246 
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Republic of the Congo, and the region joining Equatorial Guinea, Gabon, and Cameroon 247 

(Fig. 4-B). 248 

 249 

 250 
Figure 4. A. Estimated detectability of a cluster of ten cases of Ebola virus disease, 251 

based on full reporting of clinical features and incorporating geospatial estimates of per 252 

capita malaria, dengue, yellow fever, typhoid, invasive non-typhoidal Salmonella, 253 

Crimean-Congo-haemorrhagic fever, and diarrheal disease incidences. B. Estimated 254 

detectability of ten cases of EVD (blue) vs. expected spillover risk (red) 24. 255 

 256 

Discussion 257 

 258 

Detection of case clusters is critical to breaking the chain of events that leads from a single 259 

zoonotic spillover event to a large-scale epidemic. Although the epidemiological process 260 

underlying this chain of events has received growing attention 25, the process of clinical 261 

detection has rarely been studied directly due to the inherent difficulties of measuring cases 262 

and outbreaks that were never recorded. Here we have attempted to address this gap by 263 

quantifying how the endemic context in which a disease occurs obscures syndromic signals. 264 

 265 
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We have introduced new measures of syndromic distance and a new model of syndromic 266 

surveillance and tested this model against a range of outbreaks with varying data quality, 267 

demonstrating its strong utility in identifying outbreak aetiologies. We have used these new 268 

methods to estimate the sensitivity of syndromic surveillance to a range of potentially 269 

haemorrhagic fevers. We have also quantified how syndromic overlap between febrile 270 

syndromes in sub-Saharan Africa affects the expected number of cases required to detect 271 

outbreaks across the region. Finally, by incorporating geospatial estimates of the incidences 272 

of common febrile syndromes, we have provided evidence for “hidden hotspots” where Ebola 273 

virus is both likely to spill over and especially difficult to detect, creating spaces suitable for 274 

unchecked transmission before detection and intervention is possible 1. 275 

 276 

Algorithmic outbreak identification and syndromic detectability. 277 

 278 

Our syndromic surveillance model, which combines the prior incidences and clinical profiles 279 

of a range of diseases to predict the causes of clinical feature clusters, presents a more 280 

mechanistic approach than other models intended for outbreak attribution 26. Among the 281 

primary limitations of expanding our approach is the time- and labour-intensive nature of 282 

parameterisation based on literature. Testing the aetiological identification algorithm against 283 

87 real outbreaks highlights both the strengths of our approach and these data limitations; 284 

while we were frequently able to predict the true aetiology from limited dengue and malaria 285 

outbreak data, performance was less accurate for typhoid fever. Given more outbreak data—286 

in terms of quantity, syndromes represented, and consistency of clinical feature reporting—287 

we expect to be able to improve the sensitivity, specificity, and accuracy of the algorithm for 288 

categorising real outbreak data. As is, however, our mechanistic approach still enables strong 289 

insights into the relationships among outbreak detection, case definitions and the values of 290 

clinical features for disease identification, and local endemic context. 291 

 292 

A central challenge to developing this approach has been the lack of standardised clinical 293 

data, especially given the high dimensionality of our model. For example, we have been 294 

unable to gather comparable data on non-communicable diseases or toxic aetiologies. 295 

Although haemorrhagic and febrile syndromes are unlikely to be misdiagnosed as non-296 

infectious syndromes 5, the paucity of data on such syndromes may prevent such an approach 297 

from being used on, for example, syndromes presenting with jaundice or neurological 298 

symptoms. Particularly scant data is also available for many uncommon or seemingly 299 
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insignificant clinical features, such as hiccups or headache. Although these features are mild, 300 

we nonetheless find that they are important for both the sensitivity and specificity of 301 

syndromic surveillance approaches. Additionally, few studies describing the presentation of 302 

syndromes describe heterogeneity in their presentation. We accounted for this heterogeneity 303 

by introducing wider clinical feature distributions for those syndromes which represent 304 

pooled aetiological agents (e.g., ascribing high heterogeneity to “diarrhoeal diseases,” which 305 

includes a range of pathogens, and moderate heterogeneity to most clinical features of EVD, 306 

which may be caused by several distinct filovirus species). However, more consistent and 307 

comprehensive reporting of clinical feature prevalence across strains and settings would 308 

enable stronger accounting for heterogeneity in disease presentation. 309 

 310 

More broadly, using literature-derived clinical feature probabilities makes our model 311 

extremely high-dimensional, making thorough validation of and sensitivity analysis on all 312 

parameters prohibitively complex without standardised clinical datasets. However, all clinical 313 

feature occurrence parameters are clinically interpretable and approximate existing processes 314 

of expert clinical diagnosis. Our literature-derived parameter set can therefore be easily 315 

interpreted and refined, e.g., by expert clinicians, Bayesian or machine learning methods, or 316 

incorporation of standardised clinical data. 317 

 318 

This parameter set therefore represents an important starting point to harnessing complex 319 

clinical information to identify outbreaks and undetected disease more quickly and accurately 320 

than current approaches. Our methods have the additional strengths of being scalable, 321 

clinically interpretable, tolerant of missing data, and useful in the presence of different 322 

clinical feature combinations. This flexibility renders our methods more practical for disease 323 

detection at a population level than, for example, the decision tree-based or machine learning 324 

methods commonly used by individual-level aetiological prediction models 27–29. 325 

Furthermore, an advantage of our approach is its ability to exploit—rather than work 326 

against—the uncertainty inherent in syndromic data from diseases with heterogeneous 327 

presentations. Critically, this allows detection of diseases at population levels even before 328 

any individual-level diagnosis occurs (e.g., before the development of tests for rare/novel 329 

pathogens or in settings with insufficient diagnostic capacity). 330 

 331 

Our approach has the potential to clarify aspects of disease emergence far beyond those 332 

presented here for viral haemorrhagic fevers. For example, upon expanding the range of 333 
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signs/symptoms, diseases, and spatial data, it may be possible to estimate the properties of 334 

diseases least likely to be detectable by current surveillance infrastructure. The inclusion of 335 

more pathognomonic signs and symptoms in particular could improve our ability to 336 

distinguish between diseases. It would also be possible to estimate observation probabilities 337 

and predicted spillover locations of other poorly observed emerging diseases and to develop 338 

geographically specific case definitions. For example, application of similar methods to 339 

respiratory syndromic profiles could illuminate the factors affecting detection of SARS 340 

coronavirus 2 disease (COVID-19) outbreaks and rapidly adapt syndromic screening 341 

protocols to local contexts 30. 342 

 343 

Spatial detectability of Ebola virus disease. 344 

 345 

We demonstrate that filoviral diseases, along with yellow fever, represent a distinct and 346 

distinguishable group of syndromes based on their estimated syndromic distances from other 347 

febrile syndromes in sub-Saharan Africa. However, filoviral haemorrhagic fevers remain 348 

difficult to detect based on symptoms alone due to their relative rarity. A cluster of 349 

haemorrhagic fever with a high risk of mortality, for example, even with a low proportion of 350 

jaundice, is more likely to be caused by yellow fever than either Marburg virus disease or 351 

Ebola virus disease until well more than 20 cases have occurred. Consideration of every 352 

clinical feature in our dataset—the collection of which would require extensive health system 353 

coordination, universal health access, and deep clinical expertise—still only allows for 354 

attribution of EVD or MVD by the sixth and seventh case, respectively. In an area 355 

unaccustomed to such diseases or without adequate resources, months of transmission could 356 

occur silently, such as those which complicated control of the two largest Ebola outbreaks to 357 

date 31–34. 358 

 359 

This analysis suggests that common clinical case definitions for filovirus diseases are 360 

insufficient for detection of viral haemorrhagic fever outbreaks, including EVD outbreaks, in 361 

many parts of West and Central Africa. Clusters of clinical features caused by an EVD 362 

outbreak, even if they are identified as related, are too commonly attributable to other febrile 363 

symptoms. Correctly identifying EVD cases based on case definitions alone is a known 364 

challenge even for Ebola treatment centres (ETCs) during ongoing outbreaks; addition of 365 

more specific clinical features including conjunctivitis and diarrhoea has been shown to 366 

improve the accuracy of ETC triage protocols 11. Correctly identifying the first cases of an 367 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
perpetuity. 

 is the author/funder, who has granted medRxiv a license to display the preprint in(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted March 31, 2020. .https://doi.org/10.1101/2020.03.28.20019463doi: medRxiv preprint 

https://doi.org/10.1101/2020.03.28.20019463
http://creativecommons.org/licenses/by-nc/4.0/


 16 

outbreak—i.e., when filoviral disease is unlikely to be a common diagnostic consideration—368 

requires even greater sensitivity and specificity to Ebola’s clinical manifestations than ETC 369 

triage. Furthermore, the variation we demonstrate in the detectability of EVD clusters across 370 

West and Central Africa indicates that appropriate case definitions for routine surveillance 371 

might require tailoring to local or regional endemic context.  372 

 373 

Although a strength of our approach is the use of endemic disease data to understand rare and 374 

poorly observed diseases, it is still limited by the availability of appropriate ecological and 375 

epidemiological data. The relatively high predicted detectability of EVD outbreaks in 376 

Ethiopia, for example, may be an artefact of underestimated incidences of dengue, malaria, 377 

and yellow fever in the country (Fig. S7). More broadly, niche maps for filoviral and other 378 

zoonotic diseases with wildlife origins rely on incompletely observed human/primate 379 

outbreak data for validation 35. The Ebola virus spillover map used to generate Figure 4-B, 380 

for example, was fit to known instances of spillover in people (either directly from the 381 

putative reservoir or via intermediate hosts such as apes and duikers) 24. While cross-382 

validated on subsets of known spillovers and built on independent, underlying ecological data 383 

(i.e., fruit bat and non-molossid microbat diversity, bat demographic patterns, and human 384 

population density), such models still face fundamental challenges related to potential 385 

spatially heterogeneous observation biases. More consistent ecological data collection, 386 

especially related to bat abundance estimates and migratory patterns, could help overcome 387 

these limitations and identify regions of high ecological spillover risk. Furthermore, it may be 388 

possible to understand the hidden hotspots we identify more deeply by integrating ecological 389 

and observational uncertainties into a single spillover modelling framework. 390 

 391 

While niche maps for vector-borne diseases are somewhat more reliable, especially given 392 

careful surveillance and mapping of the Aedes aegypti mosquito 36, rarer and newer diseases 393 

are still less understood. The global dengue virus map has been refined over several years 394 

with an evidence-based, consensus-building process 20,37,38, and approximates risk well, even 395 

though the four circulating serotypes create a complex underlying pattern of immunity that 396 

complicates predictions of infection risk and outbreak severity 39. The yellow fever virus map 397 

for Africa is comparatively newer, and model uncertainty is still high in East and Central 398 

Africa, where occurrence data is comparatively sparse 19. Minor differences in niche model 399 

parameterization can produce major downstream differences in model-based inference 35,40; 400 

future work can capture this uncertainty by combining risk maps from several sources. 401 
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Similarly, future work may benefit from using models that are spatially tailored to the area of 402 

interest 35, or incorporate other dimensions of spatiotemporal heterogeneity like seasonal 403 

spillover risk. These dimensions might be especially informative for ruling out arboviral 404 

diseases  41,42, but could also be informative for filoviruses as spillover drivers become clearer 405 
43. 406 

 407 

Syndemic interactions among diseases further complicate the detection process. Ecological 408 

risk factors are likely to be clustered within populations, especially for the handful of diseases 409 

that share zoonotic reservoirs (EVD and MVD) or mosquito vectors (dengue, yellow fever, 410 

and nearly a dozen other emerging viruses). Corresponding social risk factors—like food 411 

insecurity and water storage, or limited access to primary healthcare—are also highly 412 

spatially correlated, further increasing the odds that these diseases cluster together at fine 413 

spatial scales. These factors compound any potential biological associations between diseases 414 
44, and resulting co-morbidities can alter clinical presentations, complicating both diagnosis 415 

and treatment. This makes outbreak dynamics more complex, and potentially more severe, 416 

than each disease would normally cause in isolation 15. This is a particular problem for 417 

emerging viruses, which may have poorly characterized clinical presentations and case 418 

definitions for several years after emergence 45; failure to characterise new syndromes in full 419 

can delay a national or global response by weeks or months, with strong consequences for the 420 

rate of epidemic spread 1. For example, recent work suggests that the majority of Zika cases 421 

in the Americas were likely misidentified as chikungunya and dengue, long before the 422 

outbreak was formally reported 46. Recent work also suggests that official case definitions for 423 

Zika by the World Health Organization miss a majority of paediatric Zika cases because the 424 

case definitions target the disease’s adult manifestation, which is substantially different than 425 

its appearance in children 13. Similar risks are apparent for EVD and MVD, especially in the 426 

hotspots we identify. 427 

 428 

While some of our predicted hidden hotspots overlap with recently estimated hotspots for 429 

EVD epidemic risk, we introduce several new predicted areas of risk based on the difficulty 430 

of detection. For example, both southeastern Guinea and northeastern Democratic Republic 431 

of Congo emerged as hidden hotspots in our model, were identified as hotspots in recent 432 

epidemic risk models 47,48, and have served as the geographic origins of the two largest 433 

recorded Ebola epidemics. We also, however, predict EVD detection to be especially difficult 434 
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in coastal West Africa—especially southern Ghana and Cote d’Ivoire—and in Equatorial 435 

Guinea, eastern Cameroon, and northern Gabon/Republic of Congo.  436 

 437 

These regions may represent locations of historically unobserved outbreaks 3. These hidden 438 

hotspots represent only those places where Ebola virus disease is most likely to be 439 

undetectable by syndromic surveillance; they do not indicate anything else about the state of 440 

infrastructure for surveillance, public health coordination, or diagnosis. However, our 441 

predictions are supported by their correspondence with serosurveys and a lack of reported 442 

outbreaks despite high ecological suitability 49–51. Moderately high seroprevalence of 443 

filovirus antibodies has been observed in wildlife and/or human populations in these regions 444 
49,51–58, but human outbreaks have rarely been reported 59. Reanalysis of historical outbreaks 445 

in these regions, especially those with ambiguous syndromic presentations, could provide 446 

further evidence about the nature of local ecology and surveillance. 447 

 448 

Implications for syndromic surveillance. 449 

 450 

In addition to understanding the broader ecology and epidemiology of emerging 451 

haemorrhagic fevers, our results suggest several opportunities for improving syndromic 452 

surveillance as currently practiced. Similar analyses could, for example, lead to the 453 

establishment of geographically adaptable case definitions that are maximally sensitive and 454 

specific to their local endemic contexts. Case definitions for emerging diseases are often 455 

variable over space and time even in well-observed outbreaks 60, and our methodology offers 456 

a starting point for consistent and quantitative validation of case definitions’ sensitivity and 457 

specificity in different contexts. Furthermore, although it seems unlikely that a healthcare 458 

worker would initiate the testing for diseases as rare as EVD or MVD outside the context of 459 

an on-going outbreak, the findings from our study do suggest a diagnostic testing algorithm 460 

of sorts. For instance, having all samples from suspected yellow fever cases that have tested 461 

negative for yellow fever automatically tested for EVD and MVD, could improve detection 462 

capacity even given diagnostic constraints at the healthcare facility-level. The data limitations 463 

encountered in our study highlight the need for standardised clinical data collection, 464 

especially for signs and symptoms rarely associated with the syndromes under consideration. 465 

Beyond improving syndromic models, such standardisation—and rapid sharing of data where 466 

appropriate 61—could enable algorithmic detection of outbreaks of misdiagnosed diseases 467 
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based on key clinical metrics. This method could enhance and complement existing genomic 468 
62–65 and statistical 66–68 approaches to outbreak detection. 469 

 470 

Our results suggest that the best way to find filovirus outbreaks early is to build systems for 471 

controlling the endemic diseases that obscure them. Just as under-resourcing health systems 472 

creates multiple interacting effects that allow disease to thrive, improving basic public health 473 

infrastructure can have far-reaching effects. We demonstrate the benefits of diagnostic and 474 

surveillance infrastructure for improving detection of emerging haemorrhagic fevers, but also 475 

that supporting population health—including universal health coverage 69,70, water and 476 

sanitation infrastructure 71,72, and strategies to address the socio-political determinants of 477 

health 73,74—has compounding benefits in terms of disease detection. By reducing endemic 478 

burdens, for example, progress in these areas can make rare epidemics easier to detect (an 479 

indirect effect analogous to that of vaccination and sanitation for reducing antibiotic 480 

overprescription and antimicrobial resistance 75). Furthermore, the presence of well-equipped 481 

healthcare facilities and local public health officials are likely to enable reporting and control 482 

measures, reducing the risk of outbreaks spreading once started. Additional research within 483 

the framework we introduce could quantify these potential effects. Such holistic, system-wide 484 

approaches are likely to be vital against the interconnected challenges of emerging infectious 485 

diseases. 486 

 487 

Data availability. All analysis code will be made available on github (eeg31/detectability), 488 

with the exception of data dependencies which can be acquired according to the data policies 489 

of their source manuscripts 17–20,24,76,77. 490 
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