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 13 

Abstract 14 

 15 

While identifying routes of transmission during an infectious disease 16 

outbreak was traditionally conducted through exhaustive contact tracing 17 

efforts, the increasing availability of pathogen sequencing has provided a 18 

new resource with which one can identify plausible routes of infection. 19 

However, while transmission clusters can be identified using single 20 

genome sequences, individual transmission routes remain relatively 21 

uncertain. Deep sequence data may provide additional information where 22 

single genomes lack sufficient resolution – presence of shared minor 23 

variants can suggest epidemiological linkage when observed between 24 

multiple hosts. In this study we formalize shared variant methods to 25 

reconstruct the transmission tree in an outbreak, and using simulated 26 

outbreak data, we quantify the improved accuracy when compared with 27 

analogous single genome approaches. Furthermore we propose a hybrid 28 

approach, drawing information from both deep sequence and single 29 

genome data. Our simulation studies demonstrate the superior 30 

performance of transmission tree identification methods using shared 31 

variants in most settings. Application of these methods to deep sequence 32 

data collected during the 2014 Sierra Leone Ebola epidemic 33 

demonstrates the ability to identify plausible transmission routes without 34 

any additional data. The methods we describe should become a common 35 

step in outbreak investigations and epidemiological analyses once the 36 

collection of deep sequence data becomes increasingly widespread. 37 

 38 

 39 

 40 

 41 
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Sequencing pathogen samples during a communicable disease outbreak 1 

is becoming an increasingly common procedure in epidemiological 2 

investigations. Identifying who infected whom sheds considerable light on 3 

transmission patterns, high-risk settings and subpopulations, and 4 

infection control effectiveness. Genomic data can shed new light on 5 

transmission dynamics, and can be used to identify clusters of individuals 6 

likely to be linked by direct transmission. However, identification of 7 

individual sources of infection typically remains uncertain. In this study, 8 

we investigate the potential of deep sequence data to provide greater 9 

resolution on transmission routes. We describe easily implemented 10 

methods to use such data, and demonstrate the remarkably improved 11 

performance when reconstructing transmission trees. Furthermore, we 12 

apply our methods to data collected during the 2014 Ebola outbreak in 13 

Sierra Leone, identifying several routes of transmission. Our study 14 

highlights the power of pathogen deep sequence data as a component of 15 

outbreak investigation and epidemiological analyses. 16 

 17 

Introduction 18 

 19 

Genomic data offer new insights into epidemiological and evolutionary 20 

dynamics, and sequencing pathogen samples is becoming increasingly 21 

widespread. Pathogen genomic data allows one to link the evolutionary 22 

relatedness of collected isolates, which in turn sheds light on the potential 23 

relationship between the hosts from whom they were collected. As such, 24 

inference of transmission trees using genomic data is an increasingly 25 

well-studied field (1-7). While low-resolution pathogen typing has been 26 

used for some time to discriminate between independent outbreaks (8-27 

10), whole genome sequencing provides additional resolution with which 28 

genetic distance between identical phenotypes may be ascertained (11-29 

13). This too, however, has limits. Studies have shown that while 30 

transmission clusters may be identified with genomic data, individual-level 31 

transmission routes can rarely be identified with a great degree of 32 

certainty (2, 3). Characterizing an infected host by a single pathogen 33 

genome (isolation and purification of a single genotype for bacteria, or 34 

using the consensus sequence for viral pathogens) is common practice, 35 

yet neglects within-host diversity. The variation in sampled genetic 36 

distances can be large relative to the expected number of mutations 37 

between hosts, rendering the number of SNPs a rather crude measure of 38 

relatedness on an individual level (14). As such, particularly for rapidly 39 

evolving pathogens, or those whose mode of transmission is associated 40 

with a large and potentially diverse inoculum (‘transmission bottleneck’), 41 

single genome sampling can cause hosts to appear misleadingly similar 42 

or dissimilar.  43 

 44 
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Deep sequencing can potentially provide new insights into within-host 1 

diversity. Currently, sequencing a mixed population sample to sufficient 2 

depth to identify minor variants has mostly been limited to viral samples. 3 

Recent studies have demonstrated the utility of such data in exploring 4 

evolutionary dynamics of communicable pathogens during an ongoing 5 

outbreak (15-17). While the consensus sequences may appear identical 6 

for two samples, comparing minor variants can offer additional resolution. 7 

For instance, the presence of one or more shared variants could be 8 

considered as strong evidence for direct transmission, particularly if the 9 

variant is not observed in any other host. This naturally relies on the 10 

possibility that a pathogen population of size greater than one survives 11 

the transmission bottleneck; otherwise each infection must initially be 12 

monoclonal. While estimating transmission bottleneck size is challenging, 13 

there is some evidence for larger bottlenecks occurring in influenza (18, 14 

19), Ebola (20), as well as speculation for much variation in bottleneck 15 

size for bacterial pathogens (21). 16 

In this study, we investigated the predictive power of shared variants for 17 

identifying transmission routes. We compared several simple approaches 18 

to reconstruct simulated transmission trees in order to quantify the 19 

difference in performance of those based on single genome samples vs. 20 

those based on deep sequence data. In addition, we describe hybrid 21 

methods which draw power from shared variant identification as well as 22 

genetic distance metrics. We then demonstrated an application of the 23 

shared variant methods on deep sequence data collected during the 24 

Ebola outbreak in West Africa in 2014. 25 
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 26 
Figure 1. Summary of genetic variant frequency across the simulated 27 
outbreaks. (A) Total number of shared variants across the simulated 28 
outbreak. Bottleneck size is illustrated by circle size. (B) Distribution of 29 
shared variant group size for different bottlenecks and mutations rates.  30 

 31 
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Results 1 

 2 

Simulation Studies 3 

 4 

We simulated a range of outbreaks with final size at least 50, allowing 5 

both the transmission bottleneck size and mutation rate to vary. As 6 

expected, shared variants were observed with increasing frequency when 7 

mutation rates and bottleneck sizes were larger (Figure 1A). The vast 8 

majority of shared variants were observed in exactly two individuals, with 9 

a rapidly declining frequency for larger group sizes (Figure 1B). For each 10 

simulation, we constructed a weighted transmission tree according to the 11 

six methods outlined in the Methods section. An example simulation and 12 

the reconstructions are shown in figure 2. We plotted the ROC curve for 13 

each methodology (Figure S1) to determine the AUC statistic. For small 14 

bottlenecks, variant-based methods provide a poor tree reconstruction by 15 

the AUC measure (Figure 3B); values below 0.5 indicate a worse 16 

performance than random selection, an inevitability when only a small 17 

proportion of nodes are assigned sources. A tight bottleneck leads to little 18 

diversity persisting across transmission events, and as such, shared 19 

variants are rarely observed, leading to a sparsity of informed links across 20 

the network. However, the links which are made are typically more 21 

reliable than those estimated by minimum genetic distance, with an 22 

average path length of less than 2 (Figure 3A). Larger bottlenecks lead to 23 

rapidly improving AUC statistics for the variant-based approaches, 24 

although the maximum variant approach declines slightly for bottleneck 25 

size greater than 10. In contrast, distance-based approaches typically 26 

decline in accuracy as the bottleneck size increases. 27 
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 1 
Figure 2. Simulated and reconstructed transmission trees. The 2 
simulated tree (top) was generated with bottleneck size 10 and mutation rate 3 
0.001. Trees were reconstructed according to the approaches described in 4 
Methods. Edges are colored and weighted according to the weight attributed 5 
to that potential transmission route, red edges associated with a higher 6 
weight than green. Networks were plotted with the igraph package in R. 7 
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The hybrid methods draw additional information from the genetic distance 1 

information when no shared variants are found for a given host. This 2 

offers a considerable improvement in performance for outbreaks with 3 

smaller bottleneck sizes (Figure 3B), which are the situations where 4 

distance information is most reliable. 5 

 6 

2 5 10 20 50

0

1

2

3

4

5

6

Bottleneck size

P
a
th

 d
is

tn
a
c
e
 b

e
tw

e
e
n
 e

s
ti
m

a
te

d
 t
ra

n
s
m

is
s
io

n
 p

a
ir
s

Mutation rate

0.001 �Hï��
Estimated host

Min. distance

Max. variant

2 5 10 20 50

0.0

0.2

0.4

0.6

0.8

1.0

Bottleneck size

A
U

C

Distance weight

Min. distance

Variant weight
Max. variant Hybrid max.

Hybrid weight

A B

 7 
Figure 3. Transmission tree reconstruction accuracy. (A) The true path 8 
distance between estimated transmission pairs gives insight into the extent 9 
to which transmission links are misspecified. A perfect reconstruction would 10 
have mean path length 1. Maximum variant path lengths are averaged over 11 
identified transmission pairs, that is, excluding hosts with no shared variants. 12 
(B) The area under the ROC (AUC) metric provides an overall measure of 13 
network accuracy. Results for a mutation rate of 0.001 are shown here. 14 

 15 

For each simulation, we calculated the mean weight attributed to the true 16 

source of each host. The distance and variant approaches perform 17 

similarly for bottleneck size 2, but are outperformed by the two hybrid 18 

approaches (Figure 4). For larger bottleneck sizes, the maximum variant 19 

approach (together with the hybrid maximum) is the best method by a 20 

large margin according to this measure. The distance and variant weight 21 

methods perform increasingly poorly as the bottleneck size increases, 22 

reflecting the greater likelihood of genotypes persisting across several 23 

bottlenecks, increasing uncertainty. 24 

 25 

We found that lower mutation rates were typically associated with poorer 26 

tree reconstruction, although the relative performance of the methods 27 

remained broadly similar (Figures 3A, S2 and S3). Lower mutation rates 28 

lead to fewer shared variants, and as such, the distance-based 29 

approaches may outperform variant-based approaches for larger 30 

bottlenecks. Nevertheless, the hybrid approach consistently offers the 31 

most successful reconstruction approach over a range of parameters. 32 
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 1 
Figure 4. True edge weighting. The mean weight attributed to each true 2 
transmission link for each tree reconstruction method, under a range of 3 
scenarios and methodologies. Results are shown for a mutation rate of 4 
0.001. 5 

 6 

Ebola virus data 7 

 8 

We next examined the Sierra Leone Ebola datasets, attempting to identify 9 

transmission links between hosts. In order to reduce the risk of counting 10 

variant calling errors as true intra-host variants, we identified only variants 11 

in which the minor frequency was at least 5% (routes estimated under a 12 

1% threshold are shown in Figure S4). Figure 5 shows the transmission 13 

trees reconstructed for each dataset. In the first dataset (Figure 5A, (16)) 14 

a total of 19 out of 78 hosts were found to have shared a variant with at 15 

least one other individual. Four pairs of patients shared more than one 16 

variant (three pairs with two shared variants, and one pair with four), while 17 

one additional pair shared one unique variant. Each of these pairs 18 

originated from the same geographic location, and was temporally 19 

clustered (three of these links were sampled two or fewer days apart, 20 

while the remaining two were sampled 12 and 22 days apart, still 21 

plausible given the serial interval estimates of 15.3 ± 9.3 days (22). One 22 

variant was shared by 11 hosts. This might be explained by alternative 23 

hypotheses; (i) a well-sampled transmission cluster with large 24 

transmission bottleneck size, (ii) repeated emergence of identical 25 

mutation. The group shows high geographic and temporal clustering (15), 26 

suggesting that a transmission cluster may be plausible. Non-random 27 

mixing, or presence of a superspreader (for instance, due to several 28 

persons caring for a patient, or washing and burying a deceased patient) 29 
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could make the transmission scenario much more likely. Furthermore, 1 

non-random sampling could skew the observed distribution of group size 2 

for shared variants.  3 

 4 

A total of 26 hosts out of 150 (for which replicate sequencing and variant 5 

calling was performed) in the second dataset shared a variant at with at 6 

least one other host (Figure 5B, (16)). No pair of hosts shared more than 7 

one variant, and there were five pairs of individuals sharing a unique 8 

variant. One variant was shared by 13 hosts at the 5% detection 9 

threshold. Unlike the previous dataset, these hosts were not 10 

geographically or temporally clustered, coming from different villages and 11 

spanning several weeks. This suggests that a transmission cluster is less 12 

likely than in the previous example, and potentially reflects homoplasy. 13 

Four of the five ‘unambiguous’ transmission routes joined patients from 14 

the same geographic location. 15 

 16 
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 17 
Figure 5. Estimated Ebola transmission routes. Transmission links 18 
between sampled hosts in the 2014 Ebola outbreak under the maximum 19 
variant approach. Colors denote chiefdoms to which hosts belong, while the 20 
color and thickness of the arrows denote the relative weight attributed to 21 
each potential transmission event. Variant detection threshold 5%. 22 

 23 

Discussion 24 

 25 

Shared variant detection offers a powerful insight into unobserved 26 

transmission dynamics, and can improve the resolution of reconstructed 27 

transmission trees considerably. We have described some simple 28 

methodology for reconstructing transmission trees using deep sequence 29 

data. These methods typically outperform genetic distance comparison 30 

methods, frequently used to identify potential transmission events [cite 31 
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MRSA etc.]. While more formal approaches may utilize deep sequence 1 

data even more successfully, it is likely that such approaches will require a 2 

model specifying within-host pathogen dynamics, which are still poorly 3 

understood – estimation of effective population size within host, in vivo 4 

pathogen generation time and transmission bottleneck size are all 5 

challenging. Furthermore, the methods described here are simple and 6 

quick to implement. 7 

 8 

We applied these methods to Ebola data collected from Sierra Leone in 9 

2014. While the first dataset is thought to represent relatively dense 10 

coverage of the initial stages of the epidemic in the country, with estimates 11 

of around 70% of cases sampled (15, 23), the later dataset comprised a 12 

sparser sample. While sparse sampling reduces the number of true links 13 

one would expect to find via any method, shared variant approaches do 14 

not require 100% sampling. Missing data greatly reduces the number of 15 

shared variants expected, and therefore the number of estimated 16 

transmission routes, but does not greatly impact the reliability of the 17 

transmission routes which are proposed (Figures S5 and S6). As such, 18 

while only relatively few transmission routes were identified in the 19 

datasets, this is likely a function of both the proportion of missing data, and 20 

the relatively low mutation rate of Ebola virus (15, 24). However, the 21 

transmission pairs we identified appear plausible from temporal and 22 

geographic clustering. Both datasets contained a large group of hosts 23 

sharing the same variant. Park et al. suggest that the large group in the 24 

second dataset likely arose through a combination of patient-to-patient 25 

transmission and recurrent mutation (16). Testing for recurrent mutation, 26 

particularly in larger variant-sharing groups, as well as cross-checking 27 

transmission links against other data sources, is therefore highly 28 

recommended. 29 

 30 

The hybrid approaches allow nodes with no shared variants to be 31 

connected to other nodes in the transmission tree. This provides 32 

considerable improvements when the bottleneck is small or the mutation 33 

rate is low. The hybrid approach could be performed either by using 34 

separate single genomes, or the consensus sequence of the deep 35 

sequenced sample. Since transmission routes are assessed 36 

independently of one another, estimated transmission trees frequently 37 

comprise several unconnected nodes or clusters. Such unconnected 38 

clusters could be linked to one another if further structure is required, using 39 

the weighted distance approach on pooled within-cluster samples.  40 

 41 

Care should be taken when identifying variant sites to minimize the risk of 42 

calling sequencing or alignment errors as true variants. Deep coverage 43 

and replicate sequencing provide some reassurance of variant calling 44 
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quality; nevertheless, we found considerable sensitivity to adjusting the 1 

variant frequency threshold, particularly for the second, lower coverage, 2 

dataset (Figure S4). Setting a conservatively high threshold increases the 3 

probability of calling true variants, but reduces the amount of useful 4 

information for transmission tree estimation. While the cost of sequencing 5 

bacterial pathogen populations to a sufficient depth to call minor variants 6 

remains restrictive, this is likely to reduce in the future. 7 

 8 

We have demonstrated the power of deep sequencing data to identify 9 

transmission routes to a greater resolution than by using analogous 10 

methods with single genome sequence data. We have purposefully 11 

omitted the incorporation of additional data sources (such as times of 12 

sampling, symptom onset, recovery/death, as well as geographic location 13 

and contact tracing) in order to evaluate the information provided by the 14 

genomic data alone. Incorporating additional data sources will improve 15 

estimates, allowing further potential transmission links to be ruled out. 16 

Since we make no assumption about the order of infection, directionality is 17 

ambiguous in the majority of estimated transmission links. Rigorous 18 

collection of epidemiological data remains a crucial component of outbreak 19 

investigation, and combining this with deep sequencing and shared variant 20 

analysis can provide unprecedented insight into individual-level 21 

transmission dynamics. We believe that the shared variant methods 22 

described here will become common once deep sequence data collection 23 

becomes more widespread, and should provide a considerably clearer 24 

picture of who infected whom than single genome sampling data.  25 

 26 

Materials and Methods 27 

 28 
Let x1,…, xn  denote deep-sequence samples collected from hosts 1,…,n . 29 

For each sample xi , let f1(i ),…, fG(i )  be the frequency of the majority 30 

nucleotide at loci 1,…,G , such that polymorphisms exist where f j(i ) <1 . 31 

For each host, identify the set of polymorphisms Vi = { j : f j(i ) <1} . Now 32 

calculate the variant score Sij  between each pair of hosts i  and j  to be 33 

the number of shared variants belonging to the samples xi  and x j ; 34 

Sij = Vi ∩Vj . If we allow for the possibility of different mutations at a given 35 

locus, we must further restrict to the set of variant positions sharing the 36 
same mutant nucleotide. The matrix (Sij )  can then be viewed as a 37 

weighted adjacency matrix defining an estimated transmission tree (which 38 

we call the weighted variant tree). We further define the maximum variant 39 

tree, in which we identify for each host the individual sharing the greatest 40 

number of variants. If multiple individuals share the maximum number of 41 
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variants, these are attributed equal weight. If no individual shares any 1 

variant with a host, it is not assigned a source. 2 

 3 

These approaches have similarities with methods using single genome 4 

samples. For instance, the minimum distance tree is defined by assigning 5 

the source to be the individual carrying the most genetically similar 6 

sample (i.e. fewest number of SNPs). A variation of this approach was 7 

described in (6). Similarly, the weighted distance tree is defined by 8 

weighting each network edge by inverse genetic distance, such that more 9 

similar samples are given a greater weight. Variations of this method 10 

were explored in (2). 11 

 12 

Finally we propose two hybrid approaches. In some cases, a host will 13 

share no variants with any other host in the population, such that the 14 

maximum and weighted variant approaches assign equal weight to all 15 

potential sources of infection. As such, we may instead attempt to draw 16 

information from genetic distance measures where no shared variants 17 

exist. The hybrid maximum tree and the hybrid weighted tree attribute 18 

sources to hosts lacking shared variants according to the minimum 19 

distance and weighted distance approaches respectively. Genetic 20 

distance can be calculated using the consensus sequence of the deep 21 

sequenced sample, or with additional single genome samples. 22 

 23 

Simulations 24 

 25 

We simulated outbreaks using the R package seedy v1.2 (25), 26 

introducing a single infectious individual into a susceptible, 27 

homogeneously mixing population of size 100. Genomic samples 28 

(perfectly observed deep sequence samples) were generated at a 29 

random time during each individual’s infectious period. Furthermore, we 30 

sampled single genomes from each host in order to compare 31 

transmission route estimation using each type of data. Infection dynamics 32 

were simulated under a standard SIR (susceptible-infected-removed) 33 
model, with R0 = 2 . Multiple infections were not permitted. Infections were 34 

generated by selecting nB  genotypes at random from the source’s 35 

pathogen population, and allowing this inoculum to grow within the new 36 
host under neutral evolution. We varied transmission bottleneck size nB  37 

as well as mutation rate in order to simulate a range of different 38 

outbreaks. Transmission trees were visualized using the igraph package 39 

in R (26). 40 

 41 

 42 

 43 

 44 
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Measuring reconstruction accuracy 1 

 2 

We used various metrics to compare the performances of the 3 

transmission route identification methods. We assumed that infection and 4 

removal times were not observed from the simulated outbreaks, such that 5 

we could compare the ability of the genomic data alone to contribute to 6 

transmission route identification.  7 

 8 

The receiver operating characteristic (ROC) curve describes the change 9 

in false positive and true positive rate for identifying a source of infection 10 

as the weight threshold for this identification varies between 0 and 1. The 11 

area under the ROC curve (AUC) is a summary statistic of this function, 12 

measuring the overall discriminatory power of the tree reconstruction, in 13 

which values closer to 1 indicate a more accurate network (27).  14 

For the unweighted reconstructions (minimum distance and maximum 15 

similarity tree), we calculated the path distance in the true network for 16 

each proposed transmission link. For instance, if we identify the route A-17 

B, and in reality the transmission chain was A-C-B, the path distance in 18 

the true network is 2. A perfect reconstruction would thus have a mean 19 

path distance of 1. While the ROC curve treats edges as either correct or 20 

incorrect, the latter metric provides a measure of the extent to which false 21 

links are misleading (i.e. an incorrect edge with a true path length of 2 is 22 

better than an incorrect edge with a true path length of 10).  23 

 24 

Finally, we considered the mean weight attributed to the true source of 25 

infection across an outbreak. While the path distance metric did not factor 26 

in hosts for whom no source could be attributed (due to a lack of shared 27 

variants), this measure includes such hosts with a weight of zero. 28 

 29 

Data 30 

 31 

In addition to the simulation studies, we applied the shared variant 32 

approach to identifying potential transmission routes during the 2014 33 

Ebola outbreak in Sierra Leone. We used samples collected from 78 34 

patients in May-June 2014, representing a large proportion of the earliest 35 

cases in the country, sequenced to approximately 2000x coverage (15). 36 

Furthermore, we considered samples from a further 150 patients 37 

collected between June and December in the same country, sequenced 38 

with a median coverage of 374x (16).  39 

 40 

 41 

 42 

 43 

 44 
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Figure S1. ROC curves. ROC curves for the closest genome tree (green), 5 
weighted genetic distance tree (purple), and the weighted variant tree (red). 6 
Outbreak simulated with bottleneck size 10 and mutation rate 0.001, 7 
corresponding to the transmission trees shown in figure 1. The dashed line 8 
indicates the performance of selecting routes at random. Since multiple correct 9 
edges may be assigned a weight of zero under all but the weighted distance 10 
approach, those ROC curves do not reach (1,1). 11 
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	1 
Figure S2. Area under ROC curves. The area under the ROC (AUC) metric 2 
provides an overall measure of network accuracy. Results for a mutation rate of 3 
0.0005 are shown here. Hosts with no observed shared variants are assumed 4 
to have all other hosts as potential sources with equal weight. This figure is 5 
equivalent to Figure 4B with a lower mutation rate. 6 
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	1 
Figure S3. True edge weighting. The mean weight attributed to each true 2 
transmission link for each tree reconstruction method, under a range of 3 
scenarios and methodologies. Results are shown for a mutation rate of 0.0005. 4 
 5 
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	1 
Figure S4. Ebola transmission routes. Estimated transmission links between 2 
sampled hosts in the Ebola outbreak under the maximum variant approach. 3 
Colors denote the chiefdom to which each host belongs, while the color and 4 
thickness of the arrows denote the relative weight attributed to each potential 5 
transmission event. Variant detection threshold 1%. 6 
 7 
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 10 
Figure S5. Summary of genetic variant frequency across imperfectly 11 
sampled simulated outbreaks. Summary of genetic variant frequency across 12 
the simulated outbreaks with 30% of infected hosts unsampled. (A) Total 13 
number of shared variants across the simulated outbreak. Bottleneck size is 14 
illustrated by circle size. (B) Distribution of shared variant group size for different 15 
bottlenecks and mutations rates.  16 
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 1 
Figure S6. Transmission tree reconstruction accuracy. (A) The area under 2 
the ROC (AUC) metric provides an overall measure of network accuracy. 3 
Results for a mutation rate of 0.001 are shown here. (B) The true path distance 4 
between estimated transmission pairs gives insight into the extent to which 5 
transmission links are misspecified. A perfect reconstruction would have mean 6 
path length 1. Maximum variant path lengths are averaged over identified 7 
transmission pairs, that is, excluding hosts with no shared variants. 8 
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