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Abstract

Pathogen genomic data are increasingly used to characterize global and local transmission patterns of important human patho-
gens and to inform public health interventions. Yet, there is no current consensus on how to measure genomic variation. To test the 
effect of the variant- identification approach on transmission inferences for Mycobacterium tuberculosis, we conducted an experi-
ment in which five genomic epidemiology groups applied variant- identification pipelines to the same outbreak sequence data. We 
compared the variants identified by each group in addition to transmission and phylogenetic inferences made with each variant 
set. To measure the performance of commonly used variant- identification tools, we simulated an outbreak. We compared the per-
formance of three mapping algorithms, five variant callers and two variant filters in recovering true outbreak variants. Finally, we 
investigated the effect of applying increasingly stringent filters on transmission inferences and phylogenies. We found that variant- 
calling approaches used by different groups do not recover consistent sets of variants, which can lead to conflicting transmission 
inferences. Further, performance in recovering true variation varied widely across approaches. While no single variant- identification 
approach outperforms others in both recovering true genome- wide and outbreak- level variation, variant- identification algorithms 
calibrated upon real sequence data or that incorporate local reassembly outperform others in recovering true pairwise differ-
ences between isolates. The choice of variant filters contributed to extensive differences across pipelines, and applying increasingly 
stringent filters rapidly eroded the accuracy of transmission inferences and quality of phylogenies reconstructed from outbreak 
variation. Commonly used approaches to identify M. tuberculosis genomic variation have variable performance, particularly when 
predicting potential transmission links from pairwise genetic distances. Phylogenetic reconstruction may be improved by less 
stringent variant filtering. Approaches that improve variant identification in repetitive, hypervariable regions, such as long- read 
assemblies, may improve transmission inference.

DATA SUMMARY
The authors confirm all supporting data, code and protocols 
have been provided within the article or through supplemen-
tary data files. The scripts supporting the conclusions of this 
article are available in the GitHub repository, https:// github. 
com/ ksw9/ mtb_ variant_ identification. The genomic data 

re- analysed in the Pipeline comparison for epidemic data 
[1] is publicly available (ENA Study Accession: PRJEB6945). 
Simulated sequence data and truth VCF files for genome- 
wide performance benchmarking, in addition to the outbreak 
phylogeny, multiple sequence alignment and outbreak truth 
VCF file are available in a digital repository: https:// purl. stan-
ford. edu/ mr554nj9219.
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BACKGROUND
The continuous evolution of human pathogens creates a 
powerful epidemiological record. Patterns of variation within 
and between populations of pathogens can be used to infer 
substitution rates, phylogenetic and phylogeographic relation-
ships, such as geographic origins and routes of spatial spread, 
population size dynamics, and – if pathogen evolution occurs 
over the same timescale as transmission – transmission patterns 
[2].

Tuberculosis (TB) kills more people than any other infectious 
disease and halting transmission of Mycobacterium tuberculosis 
is essential to reducing the global burden of disease. However, 
in high- incidence settings, it is unknown where and between 
whom the majority of transmission occurs [3] and therefore 
where to focus interventions. Molecular epidemiology studies 
harness genetic and genomic variation to understand patterns 
of transmission and are premised on the idea that M. tubercu-
losis is constantly evolving as it spreads from person to person.  
M. tuberculosis isolates that share a genotype (RFLP, spoligo-
type or MIRU- VNTR) [4–6], or which have whole- genome 
sequences within a given genetic distance [7–10], are considered 
clustered and potentially epidemiologically linked. Phylogenies 
inferred from outbreak variation may reveal patterns of related-
ness within and between clusters [10–12]. Finally, transmission 
trees integrate epidemiological and phylogenetic information to 
capture probable transmission histories, chains of who infected 
whom [13, 14]. Predicted transmission links have been used to 
infer the likely location and/or timing [15, 16] of transmission, 
to identify risk factors for transmission and high- risk popula-
tions [17], to distinguish between acquired (primary) and trans-
mitted drug resistance [18] and to declare an outbreak over [19].

Transmission inferences rely on the high- quality measurement 
of genetic variation from sequence data. However, there is no 
consensus on how to measure pathogen genomic variation 
[20]. Molecular epidemiology studies of M. tuberculosis often 
sequence whole genomes directly from bacterial cultures 
[20, 21]. Sequence data are mapped to a reference genome, 
variants are identified with respect to the reference and vari-
ants are filtered with variant annotation thresholds. The 
choice of mapping and variant- calling algorithms in addition 
to variant filters vary widely across studies. Similarly, there is 
no standard procedure for reference genome selection. While  
M. tuberculosis global diversity falls into seven human- adapted 
lineages, genomic epidemiology studies frequently use refer-
ence genomes from a single lineage, constraining the potential 
to identify variants that occur outside of the reference- genome 
backbone. Genomic epidemiology studies of M. tuberculosis 
may additionally apply regional filters, excluding repetitive 
genes or regions, such as genes in the PE and PPE families [22]. 
Yet there is no standardized set of genes to exclude.

The ad hoc nature of genomic variant calling makes it difficult 
to interpret pathogen variation within a study and to compare 
variation across studies. While many pipelines widely used in M. 
tuberculosis molecular epidemiology were designed or validated 
for antibiotic resistance prediction [22–27], their performance 
in recovering true pairwise differences and the underlying 

phylogenetic structure of outbreak genomes, the metrics used 
for transmission inference, has not been reported. M. tubercu-
losis is slow- growing and only small numbers of substitutions 
may accumulate over the course of an outbreak [27]. Genomic 
investigation of M. tuberculosis outbreaks is thus uniquely chal-
lenging as inferences will be constrained by the sensitivity of 
tools to detect subtle differences between outbreak strains.

Here, we investigate how different variant- identification 
approaches may alter M. tuberculosis transmission inferences. 
First, we tested the effect of the variant- calling pipeline on 
transmission and phylogenetic inferences made from the 
same sequence data. We collected and compared variant calls 
from five research groups for the same sequence data from 
a clonal tuberculosis outbreak in Germany [1]. Second, we 
measured the performance of variant- calling- tool combina-
tions in recovering genome- wide variants and pairwise differ-
ences between outbreak genomes in a simulated TB outbreak 
for which we knew the underlying genomic truth.

RESULTS
Pipeline comparison for epidemic data
To measure the effect of the variant- calling pipeline on 
transmission inference, four independent genomic epide-
miology groups (pipelines A–D) contributed filtered variant 
calls for previously published sequence data from a clonal  
M. tuberculosis outbreak in Hamburg and Schleswig- Holstein, 
Germany from 1997–2006 [1] (Fig.  1). The outbreak was 
identified during routine population- based surveillance and 
86 isolates were cultured and fully sequenced on an Illumina 

Impact Statement

Pathogens continuously evolve as they spread from 
person to person. The accumulation of mutations over 
time can create a valuable epidemiological record that 
may be used to reconstruct outbreak trajectories and 
transmission chains. The informativeness of pathogen 
genomes is contingent on our ability to observe low 
levels of genetic diversity between closely related patho-
gens. However, there is no current consensus on how to 
identify variation within pathogen genomes. We tested 
whether different approaches in identifying variation in 
tuberculosis bacterial genomes altered our predictions 
of potential transmission events. We also measured the 
performance of commonly used tools in recovering true 
outbreak variants. We find that variant- identification 
approaches can substantially alter transmission infer-
ences and that different variant- identification tools vary 
widely in sensitivity and specificity. Our findings suggest 
that further work is needed to optimize existing tools 
for pathogen genomic epidemiology and that long- read 
sequencing approaches may further enhance the utility 
of pathogen genomic data.
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platform (ENA Study Accession: PRJEB6945). The original 
study identified 85 single nucleotide polymorphisms (SNPs) 
that were validated with Sanger sequencing [1]; we refer to 
this set of validated SNPs as pipeline E.

All variant- calling pipelines compared here have been applied, 
formed the basis of, or have been proposed for transmission 
inference (e.g. pipeline A: [28]; B: [29]; C: [30]; D: [18]) and 
varied in quality control, choice of reference genome, mapper, 
caller, variant filters and genomic regions excluded (Table S1, 
available in the online version of this article).

Variants identified by different pipelines in the 
same outbreak data
After filtering, pipelines identified 63 to 416 SNPs between 
outbreak strains (i.e. internal SNPs) compared to 85 SNPs 

identified in the initial study (Fig. 2a, Table S2). The five pipe-
lines identified a common set of 55 SNPs (Fig. 2b); however, 
there was significant discordance in SNPs identified and each 
pipeline identified 1–190 unique SNPs. Sensitivity in recovering 
SNPs in the original study ranged from 72.9–92.9 % (Fig. 2c, 
Table S2). Two variants identified by pipeline B fell in locations 
on pipeline B’s reference genome (one of the outbreak genomes) 
that did not correspond to references used by other groups and 
were unique due to reference choice. Pipeline C excluded 20 % 
(17/86) of samples that did not meet thresholds for contamination 
(minimum of 90 % of reads taxonomically classified as M. tuber-
culosis complex) [22]. It is likely that differences in the magnitude 
of total outbreak variants identified by pipelines C and D result 
from their treatment of positions of low- coverage or low- quality 
sequence information, which we discuss further below.

Fig. 1. Experimental approach. We investigated the consequences of variant- calling methodological choices on genomic epidemiology 
inferences with two approaches. First, to test the effect of the variant- identification pipeline on transmission inferences, we conducted 
a pipeline comparison experiment in which four independent genomic epidemiology groups called variants from the same sequence 
data generated during a clonal tuberculosis epidemic in Germany (a). We compared variant calls in addition to the transmission and 
phylogenetic inferences made with each variant set. Second, we measured the performance of variant- calling- tool combinations in 
recovering genome- wide variants and pairwise differences between outbreak genomes in a simulated TB outbreak for which we knew 
the underlying genomic truth. We simulated evolution over the course of a model tuberculosis outbreak, generating a phylogeny with 
known SNP mutations, depicted as red crosses (b). This resulted in a set of closely related full- length outbreak genomes for which we 
knew the underlying true patterns of genomic variation (c). For each outbreak genome, we simulated Illumina sequence reads (green 
lines), synthesizing the type of genomic data we might generate in a real outbreak investigation. We mapped reads, called variants, and 
applied variant filters with several different tool combinations, resulting in 35 sets of candidate variant calls (candidate SNPs depicted as 
grey dashed lines) for each set of query sequence data (d). We then compared each candidate variant set to the underlying true outbreak 
variants to evaluate the performance of each tool combination.
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Transmission inferences across pipelines
Pairwise genetic distances between outbreak sequences, a 
proxy of the evolutionary distance between genomes, are 
frequently used to identify M. tuberculosis isolates potentially 
linked by recent transmission [31]. Two isolates separated 
by a large evolutionary distance are considered unlikely to 
be the result of recent transmission, while isolates within a 
threshold genetic distance [7–10] are considered clustered 
and potentially epidemiologically linked.

While the current consensus is that distance thresholds should 
be calibrated to the diversity observed within individual 
studies [20, 31, 32], in practice, previously existing 5- [8] or 

12- SNP [7] thresholds are frequently employed to distinguish 
between ‘clustered’ and ‘non- clustered’ isolates [20].

The five pipelines identified different distributions of pairwise 
SNP distances (Fig. 3a), leading to widely different epide-
miological interpretations (Figs 3a and b). Median pairwise 
distances ranged from 1 to 42 SNPs among pipelines (Table 
S2). Pipelines reported that 0–29.7 % of isolate pairs were 
identical (0 SNP differences). After applying commonly 
used transmission thresholds of pairwise distances less than 
or equal to 5 or 12 SNPs [7, 23, 33], the number of poten-
tial transmission links varied dramatically across pipelines 
(Fig. 3b, Table S2). For example, with variants identified by 
pipeline A, 80.7 % of sample comparisons fell below a 5- SNP 

Fig. 2. Outbreak variation identified by four pipelines. (a) Total internal SNPs identified by each pipeline (a−d) compared with the 85 
SNPs detected in the original study (e), (b) the intersection of SNPs identified by each pipeline, and (c) sensitivity of each pipeline (a−d) 
in recovering the set of Sanger sequence- verified SNPs from the original study (e).
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threshold of potential recent transmission whereas with 
variants identified by pipelines C and D, less than 0.5 % of 
comparisons did.

Even pipelines that identify similar total numbers of internal 
SNPs (A and B) and that identify pairwise differences that are 
closely correlated (Fig. 3c) may still identify different distances 
between isolate pairs, resulting in conflicting transmission 
inferences. After applying a 5- SNP threshold for transmission, 
pipeline A identifies 413 potentially clustered pairs not identi-
fied by pipeline B. Conversely, pipeline B identifies 14 potentially 

clustered pairs not identified by pipeline A. Cumulatively, for the 
two most similar pipelines, 11.7 % of transmission inferences 
(427 of 3655 pairwise comparisons) are discordant (Fig. 3c, 
blue shading). Correlation of measured pairwise differences 
was lower for all other pipelines (Fig. S1).

Increasingly, transmission inferences are made by incorpo-
rating additional epidemiological data along with sequence 
data. We additionally tested the effect of the variant- 
identification pipeline on transmission inferences made by 
transcluster [32], a probabilistic approach that integrates 

Fig. 3. Pairwise SNP distances and phylogenetic trees inferred using different variant- identification pipelines. (a) The distribution of 
pairwise genetic distances identified by each pipeline on a log- scale. The width of the violin represents the frequency of a given pairwise 
genetic distance. The dotted lines at 5 and 12 SNPs represent commonly used thresholds for recent transmission. (b) The percentage 
of sequence pairs with potential transmission links when applying 5 and 12 SNP thresholds for transmission. (c) Pairwise distances 
between isolates identified by pipelines A and B are closely correlated (Pearson's correlation coefficient, r=0.89, P<0.001). Each point 
corresponds to a unique pair of sequences. Dotted lines indicate 5 and 12 SNP distance thresholds and blue and red shading indicates 
regions in which callers make conflicting transmission inferences after applying a 5 or 12 SNP threshold, respectively. (d) Maximum- 
likelihood trees inferred from the variation identified by each pipeline largely cluster separately.
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sequence alignments, sampling dates and epidemiological 
priors to predict transmission clusters. We held epidemiologic 
parameters constant and included sampling dates reported in 
the original study [1]. Similar to inferences made by applying 
thresholds to pairwise distances, inferred transmission 
clusters differed substantially across variant- identification 
pipelines (Fig. S2). After applying a 5- SNP threshold to 
transmission clusters, for example, pipelines inferred from 2 
(pipelines A and B) to 76 (pipeline D) clusters. We addition-
ally found that adjustment of transmission thresholds does 
not adequately harmonize transmission inferences across 
pipelines (Supplementary Text; Fig. S5).

It seems likely that the large number of variants exclusive 
to pipelines C and D, (Fig. 2), and the apparent similarity 
of pipeline C and D transmission inferences (Figs S1 and 
S2) partly reflect pipeline assumptions. Pipelines C and D 
produced individual sample variant call format (VCF) files 
that included only variant sites; this precluded distinguishing 
between reference allele calls and sites with no confident allele 
call (i.e. at positions of low coverage or quality). To measure 
pairwise differences between samples, these pipelines 
assumed that missing sites represented the reference allele, 
likely generating inflated measures of pairwise differences. 
An alternative strategy could produce VCFs including all 
reference- genome positions with information about the depth 
and quality of reads corresponding to reference and allele calls 
even at sites with no coverage.

Phylogenetic inferences across pipelines
We then fit maximum- likelihood phylogenies with alignments 
of concatenated SNPs identified by each pipeline. We assessed 
the similarity of bootstrapped trees with Robinson–Foulds 
(RF) metric, a measure of distance between phylogenetic 
trees, and used Ward’s method to assign trees into clusters 
(Fig. 3d). While bootstrap trees do not converge for each pipe-
line [34], reflecting low levels of measured diversity, the trees 
inferred by different pipelines are assigned to distinct clusters 
(Fig. 3d). All trees cluster with their respective pipelines, with 
the exception of three bootstrap replicate trees inferred from 
pipeline A variation. Pipeline C, which excludes 20 samples, 
is not shown because tree distances cannot be computed 
between trees with different sets of tips.

Tool performance in a simulated outbreak
For the outbreak described above, as for any outbreak, the 
true genomic sequence of M. tuberculosis isolates is unknown. 
Performance of pipelines in recovering true outbreak SNPs 
cannot be measured. Variant- calling pipelines for human 
genomes are often benchmarked upon diploid human 
genomic ‘truth sets,’ variants identified and confirmed by 
several sequencing and bioinformatic pipelines and/or vali-
dated by family pedigrees [35, 36]. However, such genomic 
variant truth sets do not exist for M. tuberculosis or other 
human pathogens.

To evaluate the performance of commonly used variant- 
calling- tool combinations in recovering genome- wide 

variants and pairwise differences between outbreak genomes, 
we simulated sequence data from a set of synthetic, closely 
related M. tuberculosis genomes, for which we knew the 
underlying true patterns of variation (Fig. 1). We measured 
accuracy in terms of sensitivity (the probability of true vari-
ants are identified) and precision (the probability a variant 
identified by a caller is indeed a true variant).

We applied commonly used mapping algorithms (BWA, 
Bowtie 2 and SMALT)[37,38,39] variant callers (Breseq, 
Pilon, GATK, Samtools and DeepVariant)[40,41,42,4344] 
and filters (no filter, a hard quality score filter, QUAL, Pilon- 
specific filters, and variant quality- score recalibration, VQSR) 
to simulate data and measure performance in recovering true 
SNP variants (Methods).

Performance in recovering M. tuberculosis SNPs 
across tool combinations
To measure performance of variant- calling tools in recovering 
genome- wide M. tuberculosis variants, we generated 20 sets 
of Illumina short- read data in silico from the M. tuberculosis 
strain CDC1551 query genome and evaluated the perfor-
mance of nine variant- calling- tool combinations in recov-
ering the 1501 SNPs identified by pairwise alignment of the 
query and the frequently used M. tuberculosis strain H37Rv 
reference genome (Methods).

Performance in recovering true genome- wide M. tuberculosis 
SNPs varies widely across tool combinations (Fig. 4) using 
strain H37Rv as the mapping reference. Prior to filtering, 
variation in precision exceeds that of sensitivity; maximum 
precision is 98.0 % (Bowtie 2/Breseq) while maximum sensi-
tivity is 80.1 % (Bowtie 2/Pilon) (Table S3). The number of 
false positive (FP) errors varies from 21.4 (Bowtie 2/Breseq) 
to 351 (Bowtie 2/DeepVariant) before filtering.

We examined the genomic location of errors and tested if 
standard filters could reduce FP errors. Variant- calling 
performance varies across the genome and is worse in the 
168 repetitive PE/PPE genes (Fig. 4), which are often excluded 
from M. tuberculosis molecular epidemiology studies [45]. 
Before filtering, 39.8–71.0 % (identified by SMALT/Pilon and 
BWA/GATK, respectively) of FPs occur in PE/PPE genes, 
which comprise 6.37 % of the genome (Fig. 4a). False negative 
(FN) errors are also disproportionately located in the PE/PPE 
genes (Fig. 4b). Before filtering, 65.2–70.8 % (identified by 
(SMALT/Samtools and BWA/DeepVariant, respectively) of 
FNs occur in PE/PPE genes.

Filtering by excluding the PE/PPE genes or by filtering by 
quality score or VQSR reduces but does not eliminate FP 
errors, while increasing FN errors. FP errors are minimized 
by Bowtie 2/GATK with VQSR and excluding the PE/PPE 
genes (mean FP 2.2 SNPs, mean FN 167 SNPs). Even when 
PE/PPE genes are included, GATK/VQSR tool combinations 
identify fewer FP errors than all other tool combinations 
(Fig. 4). FN errors are minimized by SMALT/DeepVariant, 
excluding the PE/PPE genes (mean FP 68.4 SNPs, mean FN 
98.2 SNPs). Further, filters contribute to extensive variation 
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across tool combinations. For example, applying a VQSR 
filter as compared to a quality filter to calls identified by 
BWA/GATK can reduce FP errors from 83 to 10 (when still 
including PE/PPE genes) (Fig. 4).

We additionally examined the source of FN errors for Pilon/
Bowtie 2, the tool combination with the highest sensitivity 
(lowest FN errors) to determine if FNs could be attributed to 
filtering or incorrect reference allele calls. Of the mean 327 
total FN errors (Table S3) an average of 50.2 positions were 
called as heterozygous sites by Pilon. These sites were marked 
as ‘Ambiguous’ by Pilon and filtered. However, the majority of 
FN sites could not be explained by ambiguous calls. A mean 
of 206.0 sites along the genome were marked as low coverage 
and 99.1 sites were marked as deletions by Pilon and were 
additionally filtered. Many of these occurred in the repeti-
tive PE/PPE genes. Finally, many FN errors are adjacent to 

sites called as indels. This suggests that further optimization 
of filters to specific tool combinations, in addition to post- 
processing steps such as the normalization of variant calls, 
could improve performance beyond that achieved using the 
default parameters. Our intent here is not to optimize the 
parameters for each caller; but rather to test whether variants 
identified and performance vary across tool combinations.

All tool combinations are characterized by a trade- off between 
sensitivity and precision visible in the inverse relationship 
between FP and FN errors. However, no tool combination 
consistently outperforms other tool combinations in minimizing 
both types of errors (Fig. 4), indicating that an optimal approach 
may depend on the relative costs of different error types for 
specific applications. No combination of mapper, variant caller 
and filter were able to achieve >99.9 % precision and sensitivity 
reported for human genomes and which won the PrecisionFDA 

Fig. 4. Errors in M. tuberculosis SNPs identified by different tool combinations. Mean and standard deviation of false positive (a) and 
false negative (b) errors identified by variant- identification tool combinations. Breseq is a complete computational pipeline that includes 
mapping with Bowtie 2. Bar colour indicates mapper and shading indicates genomic region. Panels have different y- axes.
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Truth Challenge, a competition in small variant identification 
from short- read genomic sequence data [44].

Effect of reference choice on performance in 
recovering M. tuberculosis SNPs
To assess how the choice of reference genome affects variant- 
calling performance, we mapped one sequence set to 13 
different reference genomes spanning global M. tuberculosis 
diversity and ranging from 1376 (lineage 4, strain F11) to 
3396 (lineage 2, strain Beijing_NITR203) SNPs distant from 
the strain CDC1551 query genome (lineage 4, Table S4). In 
Poisson- generalized linear models, log- transformed distance 
to the reference genome, mapper and caller are significant 
predictors of both FP and FN errors, prior to filtering.

Both FP and FN errors increase with increasing log- 
transformed distance between the query and reference 
genomes, when controlling for pipeline (Fig. S3). Errors vary 
widely between reference genomes, possibly reflecting indi-
vidual genomes’ repetitive content, extent of synteny with the 
query genome, or reference assembly quality.

Performance in recovering pairwise differences 
across tool combinations
Studies of the genomic correlates of antibiotic resistance or 
virulence seek to identify variants in a single genome with 
respect to a reference genome. In contrast, variant calling for 
transmission inference seeks to measure small amounts of 
variation between multiple closely related outbreak genomes. 
Identifying variants between query genomes and a known 
reference genome is intermediate to the true goal: identi-
fying variants between the outbreak genomes. If errors with 
respect to the reference genome are consistent within a single 
pipeline, then inference about relatedness between outbreak 
samples should not be affected.

We measured the performance of tool combinations in iden-
tifying pairwise differences between closely related sequences 
within a model 5 year TB outbreak (Methods). We simulated 
evolution of M. tuberculosis from a common ancestral genome 
(strain CDC1551) over the outbreak phylogeny (Figs S4 and 
S6), resulting in a total of 145 outbreak SNPs with respect to 
the strain H37Rv reference, and generated sequence data in 
silico from the 44 outbreak sequences. True pairwise differences 
between outbreak genomes ranged from 0 to 27 SNPs and mean 
pairwise distance between isolates was 13.2 SNPs with respect 
to the reference genome.

Performance in recovering true pairwise differences between 
outbreak strains varied across tool combinations using strain 
H37Rv as the mapping reference. Prior to filtering, mean sensi-
tivity ranges from 85.9 % (Bowtie 2/Breseq) to 95.0 % (Bowtie 2/
DeepVariant) and mean precision ranges from 14.7 % (Bowtie 
2/Samtools) to 64.5 % (SMALT/GATK) (Table S5). As seen for 
genome- wide performance, performance in identifying pair-
wise differences is worse in the 168 repetitive PE/PPE genes 
compared to the rest of the genome. Before filtering, 31.9 % 
(SMALT/Pilon) – 97.0 % (BWA/GATK) of FPs occur in PE/
PPE genes (Fig. 5).

We then tested whether filters could improve performance 
in recovering pairwise differences. Quality score or VQSR 
filters reduce but do not eliminate FP pairwise errors 
(Fig. 5, Table S5). Several tool combinations result in mean 
FP pairwise errors above 5 SNPs if PE/PPE genes are not 
excluded (i.e. approaches with Samtools; GATK/QUAL; 
Breseq/QUAL; Bowtie 2/Pilon/Qual; BWA/Pilon/Pilon). 
If a pairwise difference threshold of 5 SNPs was applied, 
the effect of variant- calling errors alone would exclude the 
possibility of recent transmission. Even after filtering, the 
range of mean FP errors is more than 25 times that of FN 
errors across tool combinations (Fig. 5).

Because 23 of the 145 outbreak SNPs occur within PE/PPE genes, 
approaches which exclude PE/PPE genes have a maximum total 
sensitivity of only 84.1 % (122/145) of the total outbreak varia-
tion. Tool combinations including GATK/VQSR, DeepVariant/
QUAL, and Bowtie 2 or SMALT with Pilon and Pilon- specific 
filter or SMALT/Pilon/Qual allow PE/PPE gene variation to be 
retained while keeping mean FP errors below 5 SNPs. Among 
tool combinations that include PE/PPE gene variation and with 
mean FP errors below 5 SNPs, maximum sensitivity was 94.1 % 
(Bowtie 2/Pilon/Pilon) and maximum precision was >99.9 % 
(Bowtie 2/DeepVariant/QUAL). We found that pairwise errors 
are often repeated and cluster within repetitive genomic regions 
(Supplementary Text).

Effect of variant filtering on transmission 
inferences
Variant filters vary widely between studies and can contribute 
more to variation between tool combinations than either 
mapping or variant calling (Figs 3 and 4). However, filters are 
frequently not justified empirically, and the effect of filtering on 
transmission and phylogenetic inference is unknown. To test the 
effect of variant filtering on downstream inferences, we applied 
a series of increasingly stringent quality- score filters to variant 
calls identified by a single tool combination, BWA/GATK.

As expected, applying increasingly strict variant quality- score 
filters reduces observed pairwise differences between outbreak 
samples, resulting in a trade- off between FP and FN errors 
(Fig. 6a, b). Mean genome- wide FP pairwise errors are 10.5 
SNPs before quality filtering and 0.29 SNPs after excluding 
the PE/PPE genes. Mean genome- wide FP errors fall rapidly 
to 0.14 after excluding variants in the lowest quality decile 
and 0.046 SNPs after excluding PE/PPE genes. Mean genome- 
wide FN errors are 0.74 before filtering and increase rapidly 
after excluding the lowest two deciles of variants. FN errors 
are consistently higher in variant sets excluding PE/PPE 
genes, reflecting the fact that 15.9 % (23/145) of true variants 
occur in these genes.

Before quality filtering, 95.0 % of isolate pairs were correctly 
assigned as falling above or below a 5- SNP threshold when 
considering genome- wide variants; 95.9 % pairs were correctly 
assigned after exclusion of the PE/PPE genes (Fig. 6c). Accu-
racy in distinguishing pairs falling above or below a 5- SNP 
threshold improves slightly after excluding variants in the 
lowest quality decile to a maximum of 98.1 % for genome- wide 
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variants and 94.6 % after excluding PE/PPE genes, after which 
accuracy rapidly declines. Excluding the PE/PPE genes gener-
ally results in lower accuracy in identifying isolate pairs falling 
under a 5- SNP threshold (Fig. 6c).

Distances of reconstructed trees to the true underlying 
phylogeny fall rapidly after initial filtering and then steadily 
increase with more stringent quality score filters, resulting 
in a U- shaped relationship between quality- score filter and 
distance to the true tree, measured by KC distance, and a 
hockey- stick- shaped relationship for RF distance (Fig. 6d). 
When no quality filtering is applied, the inclusion of variants 
within PE/PPE genes results in large distances of inferred 
phylogenies to the true tree (149.0, KC distance and 70.0, RF 
distance). Mean KC tree distances fall to a minimum of 22.4 
after filtering 30 % of variants, when genome- wide variants 
are included. Mean RF distances fall to a minimum of 35.8 
after filtering of 10 % of variants, when genome- wide variants 
are included. These observations suggest that some filtering 
is necessary to remove the lowest quality variants, either by 
exclusion of problematic regions or by exclusion of the lowest 
quality variants, but additional filtering may rapidly erode the 
quality of inferred phylogenies.

DISCUSSION
As shown in the results (pipeline comparison for epidemic 
data), methodological differences between different  
M. tuberculosis molecular epidemiology groups can lead to 
differing epidemiological conclusions made from the same 
sequence data. While a recent study found that four European 
variant- identification pipelines were largely concordant in 
their ability to rule out potential transmission links between  
M. tuberculosis isolates [46], the pipelines in this earlier study 
applied similar genomic filters and three of the four pipelines 
compared used Samtools. Further, while the earlier study 
compares the number of genomically clustered isolates iden-
tified by different pipelines, here, we compare the pairwise 
distances identified by different pipelines.

Our findings suggest that results from genomic epidemiology 
studies need to be interpreted in the context of study method-
ology. The lack of reproducibility among variant- identification 
pipelines affects all downstream analyses, particularly as 
variant uncertainty is not often reported or incorporated 
into other analyses. Estimates of M. tuberculosis substitution 
rate, for example, are similarly contingent on variant- calling 

Fig. 5. Errors in pairwise differences identified by different tool combinations. Mean and standard deviation of false positive (a) and false 
negative (b) SNP differences between outbreak sequences identified by variant- identification tool combinations. Breseq is a complete 
computational pipeline that includes mapping with Bowtie 2. Bar colour indicates mapper and shading indicates genomic region. Dotted 
lines in (a) indicate 5 and 12 SNP distance thresholds, commonly used for inferring recent transmission. Panels have different y- axes.
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pipeline. Stringent filtering or the exclusion of variants within 
the PE/PPE genes will likely decrease the observed molecular 
clock rate of M. tuberculosis. We note several limitations to 
our study (Box 1), including that we focus only on the impact 
of variant- identification methods on transmission inferences 
and not other potential downstream inferences.

Trained variant-identification tools
Sequencing technologies and variant- calling algorithms are 
rapidly changing, and our aim was not to identify a single 
best pipeline, but instead to characterize the reproducibility 
and accuracy of variant- identification tools when applied with 
default settings. We found that performance varies widely 
across approaches and that no single tool combination out- 
performs all others. The good performance of DeepVariant 
and Pilon in recovering outbreak variation likely reflects cali-
bration upon labelled sequence data, through the training of a 
neural network (DeepVariant) or fitting of Gaussian mixture 
models to variant annotations (GATK/VQSR), or for Pilon, 
the use of read- pair information to improve local assembly, 
particularly in repetitive regions [41].

Interpreting population-level variation
A significant source of differences among pipelines in the results 
(pipeline comparison for epidemic data) could be attributed 
to the interpretation of variants following variant calling. This 
highlights the need to standardize reporting of variants and 
distinguish between missing sites and reference allele calls.

Variant filtering
We found that subtle differences between outbreak genomes 
can be readily overwhelmed by bioinformatic errors. However, 
appropriate filtering can greatly reduce both false- positive and 
false- negative errors while, in some cases, retaining variation 
in PE/PPE genes. Filters contribute to extensive variation 
across tool combinations. Further, our results demonstrate 
that tools and filters interact.

Many genomic epidemiology studies employ some type of 
hard filtering, whether based on annotation or genomic 
region. Transmission inferences based on pairwise differences 
as well as phylogenies are sensitive to variant- filtering strategy 
and optimal filters may depend on specific downstream 
application. While minimal filtering improves the accuracy 

Fig. 6. Effect of increased filtering on transmission inference and phylogenetic reconstruction. (a) False positive and (b) false negative 
pairwise errors identified in the simulated TB outbreak sequences with BWA/GATK and increasingly strict variant filtering. (c) Accuracy 
in distinguishing pairs falling above or below a 5- SNP threshold. (d) Distance of phylogenies inferred with increasingly filtered variants 
to the true outbreak phylogeny measured with the KC [65] and RF [55] metrics. Genomic region is indicated by colour and points 
corresponding to each genomic region are staggered along the x- axis to improve clarity. Points represent mean pairwise errors for each 
filtering level and error bars indicate the partially pooled errors across ten replicate sequence sets.
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of transmission linkages predicted by pairwise differences and 
tree reconstruction, extensive filtering results in poorer accu-
racy of predicted transmission linkages and phylogenies that 
are increasingly distant from the underlying true phylogeny. 
After limited quality filtering, including the PE/PPE genes 
does not negatively affect transmission or phylogenetic infer-
ences. The PE/PPE genes are the most variant dense regions 
of the M. tuberculosis genome and are known antigens and 
virulence determinants [45]. Routine exclusion of these genes 
reduces the information potential of M. tuberculosis genomes 
and limits our ability to study the functional consequences 
of M. tuberculosis variation. Our findings suggest that, if 
appropriate filters are applied, it may be possible to retain 
variation in many of the PE/PPE genes, frequently excluded 
from genomic epidemiology studies.

Reference genome choice
As expected, variant errors increased with increased distances 
between the reference and query genomes. This contrasts with 
a previous study that found the choice of reference genome 
did not affect M. tuberculosis epidemiological inferences [47]. 
Our study differs from the previous study in that we used 
simulated genomic data for which underlying true variation 
is known to measure performance in identifying variants in 
individual genomes. The earlier study measured how refer-
ence choice affects performance in classifying isolate pairs 
as linked or unlinked using the strain CDC1551 reference 
genome as truth.

M. tuberculosis genomic epidemiology studies routinely use 
strain H37Rv or strain CDC1551 reference genomes, both of 
which belong to lineage 4. Studies investigating variation in 
other lineages will particularly benefit from using local refer-
ence genomes, either a full- length genome from the outbreak 
being studied or another closely related genome. Gene content 
differs between M. tuberculosis lineages [20, 48], constraining 
sensitivity in a reference- based genome approach. Any variation 
within regions inserted in the query genomes relative to the 
reference will be missed even by a perfectly sensitive variant 
caller.

Pathogen genomic epidemiology needs
The issues we identify here generalize to other pathogens, 
particularly those with slow relative rates of substitu-
tion compared with time course of transmission. Our 
results suggest that pathogen genomic epidemiology, for  
M. tuberculosis and other species, will benefit from the further 
optimization of genomic resources and methods for bacterial 
genomes and the use of long- read sequencing data.

First, pathogen genomic truth sets of experimental (not simu-
lated) sequence data accompanied by validated variants would 
enable training of machine- learning approaches upon labelled 
pathogen variant data and would serve as a gold standard for 
performance benchmarking of variant- calling approaches. 
Secondly, further work is needed to optimize variant callers 
for pathogens and for particular applications (i.e. prediction 
of antibiotic resistance versus transmission inference). Further, 

variant callers could output quality scores for reference allele 
calls in addition to alternative allele calls, enabling comparisons 
between all sites (as done by GATK and Pilon). This allows filters 
to be applied to both reference allele calls and alternate allele 
calls (i.e. reference allele calls might have poor coverage and/
or quality just as alternate alleles might). Third, we find that 
filtering on site and sample- specific annotations allows all avail-
able information about variants across samples to be retained 
(i.e. many variant- calling programs ‘merge’ sample- specific 
annotations into a maximum or mean annotation for a site and 
information about a low- quality call for a single sample may 
be lost). Fourth, the power of long- read sequence data could 
improve accuracy of transmission inferences. Finally, variant 
uncertainty represents an important and unreported source of 
potential error in genomic epidemiology studies. How to incor-
porate uncertainty in underlying measures of genomic variants 
or sequences in phylogenetic inference remains an open and 
important question.

Other groups have identified methods to reduce additional 
sources of error in genomic epidemiology studies. For 
example, taxonomic filtering can importantly exclude reads 

Box 1. Study limitations

• We measured performance on simulated sequence 
data that includes errors associated with Illumina 
sequencing [57], but which likely does not capture the 
full spectrum of sequence errors introduced in epide-
miological studies.

• We do not examine indels and other structural vari-
ants, which data presented by [66] demonstrate can 
be phylogenetically informative.

• We do not measure performance of pipelines in iden-
tifying within- host variation, which is clinically and 
epidemiologically important [67, 68] and can provide 
additional information for transmission inference 
[69, 70]

• We did not investigate the performance of variant- 
calling tools in recovering variants associated with 
antibiotic resistance or other phenotypes.

• We did not measure the effect of recombination within 
an outbreak or with respect to a reference genome on 
the ability of tools to recover outbreak SNP variation.

• Performance measures of variant- identification tools 
depend on the accuracy of the truth set, generated by 
pairwise alignment of query and reference genomes. 
As described in Methods, we found that pairwise align-
ment had sensitivity >98 % and precision >95 % when 
recovering introduced SNP variants between closely 
related genomes. Because of this uncertainty in the 
truthset, some of the candidate genome- wide variants 
in the ‘Tool performance in a simulated outbreak,’ may 
be misclassified.
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from contaminating microbial species [49]. Additionally, 
other work has found that calling variants for samples inde-
pendently rather than jointly may improve sensitivity for 
detecting low- frequency microbial variants [50].

Conclusions
While many applications of M. tuberculosis whole- genome 
sequencing for transmission inference use hard filters to mini-
mize false- positive SNPs [20] and then apply pairwise SNP 
distance thresholds to infer potential transmission linkages 
[20, 51], here we show that (a) such approaches do not recover 
consistent sets of SNPs; (b) pairwise distance thresholds are not 
robust to differences between pipelines; and (c) strict filtering 
does not always improve transmission inferences made using 
pairwise differences or phylogenies.

We conclude that measurements of genetic distance and 
phylogenetic structure are dependent on variant- calling 
approach. More generally, we find that pathogen genomic 
epidemiology studies will benefit from genomic resources 
and tools designed for haploid genomes.

METHODS
Pipelines
Groups submitted filtered variant calls as single- sample or 
multi- sample VCFs in addition to a multiple sequence align-
ment of concatenated SNPs. We used LiftoverVcf (http:// 
broadinstitute. github. io/ picard/) to convert variant coor-
dinates for pipelines A and B to coordinates on the strain 
H37Rv reference genome so that variant positions could be 
compared.

Pipeline C made diploid calls and did not provide a multiple 
sequence alignment. To create a multiple- sequence alignment 
of consensus sequences, we converted diploid calls to haploid by 
setting homozygous genotypes (0/0 or 1/1) to the corresponding 
haploid genotype (0 or 1) and heterozygous genotypes to the 
genotype with greater allele depth. We used bcftools [43] to 
generate consensus sequences, setting genotypes that were 
absent in single- sample VCFs to the reference allele, as specified 
by the authors.

Pipeline A additionally included diploid calls, however, also 
provided a FASTA file used for pairwise differences and 
phylogenies in addition to a list of variant sites internal to 
the outbreak. We used the list of variant sites internal to the 
outbreak to compare variant sites with other pipelines.

Sensitivity
The original study confirmed 85 internal outbreak SNPs 
with Sanger sequencing. While the underlying true number 
of outbreak SNPs is unknown, Sanger sequencing provides a 
high degree of confidence in this subset of SNPs. We therefore 
report pipelines’ ‘partial sensitivity’ in recovering these high- 
confidence, previously identified SNPs. Specificity could not be 
measured.

Transmission cluster inference
We inferred transmission clusters based on both SNP distances 
(SNP clusters) and with the R package transcluster v0.1.0 (trans-
mission clusters) [32], which integrates sequence alignments, 
sampling dates and epidemiological priors to predict transmis-
sion clusters. We held epidemiological parameters constant, 
specifying a clock rate of 1.5 substitutions/genome/year (within 
the range of recently reported substitution rates [52]) and a 
transmission rate of 2.3 transmissions/year (within the range 
of potential transmission rates) and set both SNP- clustering and 
transmission cluster thresholds to 5 and 12 SNPs.

Phylogenetic inference
We calculated raw pairwise differences between isolates with 
the R package ape v.5.2 (model = ‘N’) [53]. We constructed 
maximum- likelihood phylogenies with RAxML- ng [54] with 
a GTR substitution model. We used a Stamatakis ascertain-
ment bias correction to correct for invariant sites and specified 
nucleotide stationary frequencies present in the strain H37Rv 
genome. We measured phylogenetic distances with the RF 
metric between a random selection of 200 bootstrap replicate 
trees derived from SNPs from each pipeline [55]. We reduced 
the dimensionality of tree distances with principal components 
analysis using the R package treespace [56]. To summarize the 
multi- dimensional distances between trees inferred with vari-
ants from each pipeline, we performed hierarchical clustering 
of trees using Ward’s method also in treespace [56].

Tool performance in a simulated outbreak
We simulated a tuberculosis outbreak and generated 
sequence data in silico (Figs S4 and S6). We applied 
commonly used mapping and variant- calling algorithms 
to simulated data and measured the performance of these 
variant- calling- tool combinations in recovering both true 
M. tuberculosis genomic variants and true pairwise differ-
ences between closely related M. tuberculosis sequences.

Simulated sequence data
We generated 20 independent Illumina readsets (2×151 bp) 
from the M. tuberculosis strain CDC1551 genome in silico, with 
the next- generation sequence- read simulator ART v. 2.5.8 [57], 
which simulates reads from a given genome with read lengths 
and error profiles from commonly used sequence platforms. 
We simulated reads using a built- in quality profile for a HiSeqX 
v2.5 TruSeq sequencing machine. Before simulations, we set 
ambiguous sites in the strain CDC1551 genome to N. We simu-
lated reads with a mean of 100X coverage, with a mean and 
standard deviation fragment length of 650 and 150 bp, respec-
tively (consistent with Illumina recommended insert sizes of 
350 bp (https:// support. illumina. com/ sequencing/ sequencing_ 
instruments/ hiseq- x/ questions. html; standard deviation from 
empirical data).

Measuring performance requires a truth VCF of true variant 
sites in the query genome with respect to a given reference 
genome (Fig. 1). To generate truth VCFs for the strain CDC1551 
query genome with respect to 13 M. tuberculosis reference 

http://broadinstitute.github.io/picard/
http://broadinstitute.github.io/picard/
https://support.illumina.com/sequencing/sequencing_instruments/hiseq-x/questions.html
https://support.illumina.com/sequencing/sequencing_instruments/hiseq-x/questions.html
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genomes (Table S4), we pairwise aligned the query genome 
(strain CDC1551) to each reference genome separately with 
MUMmer [58] (nucmer maxmatch -c 1500), generating 13 pair-
wise alignments. We identified SNP variants from the pairwise 
alignments using MUMmer show- snps, excluding SNPs with 
ambiguous mapping and indels (show- snps -CIr).

Pairwise alignment does not perfectly recover all SNP 
variants between genomes. To test the accuracy of the 
pairwise alignment algorithm in identifying true SNP 
differences between the query and reference genomes, we 
created a query genome, which we refer to as H37Rv* by 
introducing a ‘test set’ of known SNP and indel variants 
into the strain H37Rv backbone with GATK’s FastaAlter-
nativeReferenceMaker. To select a test set of SNPs that 
were representative of standing biological variation in  
M. tuberculosis, we used the variants identified by the tool 
combination BWA/GATK/QUAL >40, in strain CDC1551 
with respect to strain H37Rv, including 1232 SNPs and 
376 indels. We then pairwise aligned the mutated genome, 
H37Rv* (mutated at the test set positions), to the strain 
H37Rv reference genome with the MUMmer method 
described above and measured sensitivity and precision 
of the pairwise aligner in recovering the 1232 introduced 
SNPs in the test set. Sensitivity was 98.8 % (1217/1232) and 
precision was 95.1 %(1217/1280). The errors in our method 
of defining a ‘truth VCF’ therefore means that there will be 
some measurable misclassification of candidate genome- 
wide variants identified by the different tool combinations.

Mapping and variant calling
We mapped simulated reads with three read mappers, 
bwa[37], Bowtie 2 [38], and SMALT [39], using default 
settings. We mapped reads to strain H37Rv in addition to 
13 other reference genomes spanning described M. tuber-
culosis diversity (Table S4). We called variants with five 
variant callers using default parameters unless otherwise 
specified. For GATK, Samtools and Pilon, we set ploidy to 
1. The Breseq computational pipeline[40] includes mapping 
with Bowtie 2 and variant calling; therefore, Breseq is calls 
are not made in combination with other mappers. We called 
variants for each sample independently rather than jointly 
calling genotypes because joint variant- calling approaches 
are designed for human cohort studies and were found to be 
less sensitive in detecting singleton and low- frequency vari-
ants in a previous study [50]. We excluded all sites flagged 
by Pilon as ambiguous (i.e. mixed allele calls) or deletions.

We additionally called variants for each sample indepen-
dently with DeepVariant v.0.7.0, a convolutional neural 
network trained upon human genomic truth sets to iden-
tify variants in short- read sequence data [44]. Specifically, 
DeepVariant v.0.7.0 was trained upon labelled genotypes 
from a total of 16 sets of human genomic data, including 
ten PCR- free sequence replicates of HG001, two PCR- free 
replicates of HG005 PCR- free and four PCR replicates of 
HG001. The genomic ‘truth’, which the model is trained 
on, includes variants that have been identified by several 

pipelines and occur within ‘high confidence’ regions of the 
human genome [59]. The model was frozen after training 
and then can be applied to unseen genomic data in the 
form of aligned reads (BAM files). DeepVariant does not 
have an option to infer haploid genotypes; therefore, we 
assigned homozygous genotype predictions to the corre-
sponding haploid call (i.e. assigning 0/0 to 0 and 1/1 to 
1). For heterozygous calls, we used allele depth to assign 
genotype as the allele with greater coverage. If two alleles at 
a heterozygous site had equal depth, we randomly selected 
a haploid genotype. We set DeepVariant SNPs filtered as 
‘RefCall’ to missing. For all callers, we output all- sites VCF 
files (i.e. both variant and invariant sites) in order to distin-
guish between reference allele calls and missing or ‘no- call.’ 
Software tools are listed in Table S6.

Variant filtering
We excluded indels and applied two independent filters 
to SNP variant calls to samples individually: a single hard 
variant quality- score filter, QUAL <40 and VQSR (variant 
quality- score recalibration) [42]. VQSR fits Gaussian 
mixture models to annotations characterizing a truth set 
of high- quality variants and then applies this model to all 
candidate variants to recalibrate variant quality scores. 
Because a high- quality truth set does not exist for M. tuber-
culosis, we defined our truth set internally, including all 
candidate SNPs with a QUAL score greater than the mean 
QUAL score for a given set of variants. We set a phred- 
scaled prior likelihood of 15 and used the annotations DP, 
QD, MQRankSum, ReadPosRankSum, FS, SOR and MQ 
in the model. We set the recalibrated variant quality- score 
(VQSLOD) threshold so that our caller would have 99 % 
sensitivity for recovering variants within our truth set. We 
did not apply VQSR to DeepVariant calls to avoid overfit-
ting. By default, Pilon flags low- coverage variants (default 
minimum depth is 10 % mean coverage or 5X, whichever is 
greater). We additionally filtered these low- coverage vari-
ants from Pilon calls only, referring to this as the ‘Pilon’ 
filter for Figs 3 and 4.

Performance benchmarking
We used  hap. py [60], software widely used to measure 
performance of variant- calling pipelines upon human 
genomic variation [44], to assess the performance of each 
pipeline.

Outbreak simulations
We simulated a short, relatively densely sampled 5 year TB 
outbreak with TransPhylo [13, 61] (Fig. S4). We set the basic 
reproduction number, R0, to be 3 and the generation time, 
the time between subsequent infections, and sampling time, 
time between infection and diagnosis, as Gamma distributed, 
with shape of 10 and scale of 0.1, corresponding to a mean of 
1 year. We set the product of the within- host population size 
and generation time (Neg) to 100/365 and the probability of 
observing cases, π, to 0.25.
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TransPhylo simulates transmission trees, graphs of who 
infected whom and when in an outbreak. We extracted the 
underlying phylogeny from the simulated transmission tree 
using a substitution rate estimate of 2 substitutions/genome/
year [52]. We chose a rate on the higher end of published 
clock rates for M. tuberculosis to ensure that we would obtain 
sufficient numbers of ‘true’ simulated SNPs on which to test 
both pipelines and downstream inference.

To generate a set whole- genome sequences related by the 
simulated genealogy, we then simulated evolution along 
the simulated phylogeny with Pyvolve [62]. Pyvolve takes 
a phylogeny, a root sequence, and a nucleotide substitu-
tion model and simulates evolution along the branches of 
a phylogeny. We simulated nucleotide evolution from the 
strain CDC1551 reference genome with an F81 model of 
nucleotide evolution [63] with empirically derived nucleotide 
frequencies. We used snp- sites [64] to generate a VCF file of 
variant sites in the tip genomes. Pyvolve introduces variants 
randomly along the root sequence; to simulate variation at 
sites known to be polymorphic in M. tuberculosis, we replaced 
the sites simulated with Pyvolve with randomly selected sites 
that varied between strains CDC1551 and H37Rv, allowing 
us to preserve the simulated phylogenetic structure while 
including variants that are segregating in natural M. tuber-
culosis populations. The clustering of true outbreak variants 
reflects that they were drawn from a set of sites polymorphic 
between the strains H37Rv and CDC1551 reference genomes. 
We applied this set of 147 SNPs to the strain CDC1551 refer-
ence genome, generating 44 simulated outbreak sequences. 
We then used LiftOver to generate a ‘truth’ outbreak VCF with 
respect to the strain H37Rv reference genome. Two of the 147 
original internal outbreak variants could not be lifted over to 
the strain H37Rv reference genome and therefore could not 
be identified by any tool combination when using the strain 
H37Rv genome, we therefore include only the 145 internal 
outbreak SNPs with respect to the strain H37Rv genome in 
our performance metrics.

From each tip genome, we simulated Illumina short- read 
sequence data, mapped reads and called variants as described 
above.

Phylogenetic inference
To determine the effect of filtering on phylogenetic inference, 
we focused on variants identified by a single tool combina-
tion, BWA/GATK. We selected variant quality thresholds 
that corresponded to deciles of variant sites (including all 
sites across samples called as alternative alleles), generated 
multiple alignments of SNPs meeting quality thresholds, and 
inferred maximum- likelihood phylogenies for each multiple 
alignment. We fit maximum- likelihood trees with RAxML-
 ng, with a GTR substitution model. We applied a Stamatakis 
ascertainment bias correction to correct for invariant sites 
and specified nucleotide stationary frequencies present in the 
strain CDC1551 outbreak root genome. We measured phylo-
genetic distances from the best supported trees to the true 
tree using the Robinson–Foulds [55] and the Kendall–Colijn 

metrics [65], with lambda equal to 0. Bootstrap trees did not 
converge for all filtered alignments, reflecting the low levels 
of measured variation after filtering.

Funding information
This work was supported by the National Institute of Allergy and Infec-
tious Disease at the National Institutes of Health (grant R01 AI130058 
to JRA) and the Stanford Child Health Research Institute (Postdoctoral 
Support Award to KSW).

Acknowledgements
We thank Matthew Ezewudo and Marco Schito for supplying variant 
calls from the UVP pipeline [22], Caitlin Pepperell and Tim Heupink for 
comments, and John Burton Hanks for computational support.

Author contributions
K.S.W., J.R.A., C.C., T.C., J.C. and B.M. were involved in the study’s 
conception and design. Q.L., J.B., D.M.E., D.L. and A.N. conducting 
variant identification for the clonal outbreak described in the section 
‘Pipeline comparison for epidemic data.’ K.S.W. and J.R.A. performed 
analyses. All authors read, contributed to, and approved the final 
manuscript.

Conflicts of interest
The authors declare that there are no conflicts of interest.

References
 1. Roetzer A, Diel R, Kohl TA, Rückert C, Nübel U et  al. Whole 

genome sequencing versus traditional genotyping for investiga-
tion of a Mycobacterium tuberculosis outbreak: a longitudinal 
molecular epidemiological study. PLoS Med 2013;10:e1001387.

 2. Campbell F, Strang C, Ferguson N, Cori A, Jombart T. When are 
pathogen genome sequences informative of transmission events? 
PLoS Pathog 2018;14:e1006885.

 3. Churchyard G, Kim P, Shah NS, Rustomjee R, Gandhi N et  al. 
What we know about tuberculosis transmission: an overview. 
vol. 216, Journal of infectious diseases. Oxford University Press 
2017:S629–635.

 4. Correia Sacchi FP, Tatara MB, Camioli de Lima C, Ferreia da 
Silva L, Cunha EA et  al. Genetic clustering of tuberculosis 
in an Indigenous community of Brazil. Am J Trop Med Hyg 
2018;98:372–375.

 5. Warren JL, Grandjean L, Moore DAJ, Lithgow A, Coronel J et  al. 
Investigating spillover of multidrug- resistant tuberculosis from a 
prison: a spatial and molecular epidemiological analysis. BMC Med 
2018;16:122.

 6. Perdigão J, Clemente S, Ramos J, Masakidi P, Machado D et al. 
Genetic diversity, transmission dynamics and drug resistance of 
Mycobacterium tuberculosis in Angola. Sci Rep 2017;7:42814.

 7. PHE. Tuberculosis in England: 2018 presenting data to end of 2017. 
Public Heal Engl 2018;Version 1:173.

 8. Walker TM, Lalor MK, Broda A, Ortega LS, Morgan M et al. Assess-
ment of Mycobacterium tuberculosis transmission in Oxford-
shire, UK, 2007-12, with whole pathogen genome sequences: an 
observational study. Lancet Respir Med 2014;2:285–292.

 9. Bryant JM, Schürch AC, van Deutekom H, Harris SR, de Beer JL 
et al. Inferring patient to patient transmission of Mycobacterium 
tuberculosis from whole genome sequencing data. BMC Infect Dis 
2013;13:1–12.

 10. Guerra- Assunção J, Crampin A, Houben R, Mzembe T, Mallard K 
et al. Large scale population- based whole genome sequencing of 
Mycobacterium tuberculosis provides insights into transmission in 
a high prevalence area. Elife 2014:1–17.

 11. Mathema B, Kurepina NE, Bifani PJ, Kreiswirth BN. Molecular 
epidemiology of tuberculosis: current insights. Clin Microbiol Rev 
2006;19:658–685.

 12. Holt KE, McAdam P, Thai PVK, Thuong NTT, Ha DTM et al. Frequent 
transmission of the Mycobacterium tuberculosis Beijing lineage and 



15

Walter et al., Microbial Genomics 2020;6

positive selection for the EsxW Beijing variant in Vietnam. Nat Genet 
2018;50:849–856.

 13. Didelot X, Fraser C, Gardy J, Colijn C, Malik H. Genomic infectious 
disease epidemiology in partially sampled and ongoing outbreaks. 
Mol Biol Evol 2017;34:997–1007.

 14. Jombart T, Cori A, Didelot X, Cauchemez S, Fraser C et al. Bayesian 
reconstruction of disease outbreaks by combining epidemiologic 
and genomic data. PLoS Comput Biol 2014;10:e1003457.

 15. Ayabina D, Ronning JO, Alfsnes K, Debech N, Brynildsrud OB 
et al. Genome- Based transmission modelling separates imported 
tuberculosis from recent transmission within an immigrant popu-
lation. Microb Genom 2018;4:1–13.

 16. Yang C, Lu L, Warren JL, Wu J, Jiang Q et  al. Internal migration 
and transmission dynamics of tuberculosis in Shanghai, China: 
an epidemiological, spatial, genomic analysis. Lancet Infect Dis 
2018;18:788–795.

 17. Barnes PF, Cave MD. Molecular epidemiology of tuberculosis. N 
Engl J Med 2003;349:1149–1156.

 18. Shah NS, Auld SC, Brust JCM, Mathema B, Ismail N et al. Transmis-
sion of extensively drug- resistant tuberculosis in South Africa. N 
Engl J Med 2017;376:243–253.

 19. Hatherell H- A, Didelot X, Pollock SL, Tang P, Crisan A et  al. 
Declaring a tuberculosis outbreak over with genomic epidemi-
ology. Microb Genom 2016;2:e000060.

 20. Meehan CJ, Goig GA, Kohl TA, Verboven L, Dippenaar A et  al. 
Whole genome sequencing of Mycobacterium tubercu-
losis: current standards and open issues. Nat Rev Microbiol 
2019;17:533–545.

 21. Bradley P, Gordon NC, Walker TM, Dunn L, Heys S et  al. Rapid 
antibiotic- resistance predictions from genome sequence data 
for Staphylococcus aureus and Mycobacterium tuberculosis. Nat 
Commun 2015;6:10063.

 22. Ezewudo M, Borens A, Á C- O, Miotto P, Chindelevitch L et al. Inte-
grating standardized whole genome sequence analysis with a 
global Mycobacterium tuberculosis antibiotic resistance knowl-
edgebase. Sci Rep 2018;8:1–10.

 23. Walker TM, Kohl TA, Omar SV, Hedge J, Del Ojo Elias C et  al. 
Whole- genome sequencing for prediction of Mycobacterium 
tuberculosis drug susceptibility and resistance: a retrospective 
cohort study. Lancet Infect Dis 2015;15:1193–1202.

 24. Coll F, McNerney R, Preston MD, Guerra- Assunção JA, Warry A 
et al. Rapid determination of anti- tuberculosis drug resistance 
from whole- genome sequences. Genome Med 2015;7:51.

 25. Kohl TA, Utpatel C, Schleusener V, De Filippo MR, Beckert P et al. 
MTBseq: a comprehensive pipeline for whole genome sequence 
analysis of Mycobacterium tuberculosis complex isolates. PeerJ 
2018;6:e5895.

 26. Feuerriegel S, Schleusener V, Beckert P, Kohl TA, Miotto P 
et  al. PhyResSE: a web tool delineating Mycobacterium tuber-
culosis antibiotic resistance and lineage from whole- genome 
sequencing data. J Clin Microbiol 2015;53:1908.

 27. Ford CB, Shah RR, Maeda MK, Gagneux S, Murray MB et al. Myco-
bacterium tuberculosis mutation rate estimates from different 
lineages predict substantial differences in the emergence of 
drug- resistant tuberculosis. Nat Genet 2013;45:784–790.

 28. Liu Q, Ma A, Wei L, Pang Y, Wu B et al. China’s tuberculosis epidemic 
stems from historical expansion of four strains of Mycobacterium 
tuberculosis. Nat Ecol Evol 2018;2.

 29. Koster KJ, Largen A, Foster JT, Drees KP, Qian L et al. Genomic 
sequencing is required for identification of tuberculosis transmis-
sion in Hawaii. BMC Infect Dis 2018;18:1–14.

 30. Ektefaie Y, Dixit A, Freschi L, Farhat MR. Tuberculosis resistance 
acquisition in space and time: an analysis of globally diverse M. 
tuberculosis whole genome sequences. bioRxiv 2019;837096.

 31. Hatherell HA, Colijn C, Stagg HR, Jackson C, Winter JR et al. Inter-
preting whole genome sequencing for investigating tuberculosis 
transmission: a systematic review. BMC Med 2016;14:1–13.

 32. Stimson J, Gardy J, Mathema B, Crudu V, Cohen T et al. Beyond the 
SNP threshold: identifying outbreak clusters using inferred trans-
missions. Mol Biol Evol 2019;36:587–603.

 33. Walker TM, Ip CLC, Harrell RH, Evans JT, Kapatai G et al. Whole- 
Genome sequencing to delineate Mycobacterium tuberculosis 
outbreaks: a retrospective observational study. Lancet Infect Dis 
2013;13:137–146.

 34. Pattengale ND, Alipour M, Bininda- Emonds ORP, Moret BME, 
Stamatakis A. How many bootstrap replicates are necessary? J 
Comput Biol 2010;17:337–354.

 35. Zook J, McDaniel J, Parikh H, Heaton H, Irvine SA et al. Reproduc-
ible integration of multiple sequencing datasets to form high- 
confidence SNP, indel, and reference calls for five human genome 
reference materials. bioRxiv 2018;281006.

 36. Krusche P, Trigg L, Boutros PC, Mason CE, De La Vega FM et al. 
Best practices for benchmarking germline small- variant calls in 
human genomes. Nat Biotechnol 2019;37:555–560.

 37. Li H, Durbin R. Fast and accurate short read alignment with 
Burrows- Wheeler transform. Bioinformatics 2009;25:1754–1760.

 38. Langmead B, Salzberg SL. Fast gapped- read alignment with 
Bowtie 2. Nat Methods 2012;9:357–359.

 39. Genome Research Ltd. SMALT.2015.

 40. Deatherage DE, Barrick JE. Identification of mutations in 
laboratory- evolved microbes from next- generation sequencing 
data using breseq. Methods Mol Biol 2014;1151:165–188.

 41. Walker BJ, Abeel T, Shea T, Priest M, Abouelliel A et al. Pilon: an 
integrated tool for comprehensive microbial variant detection and 
genome assembly improvement. PLoS One 2014;9:e112963.

 42. Van der Auwera GA, Carneiro MO, Hartl C, Poplin R, del Angel G 
et al. From fastq data to high- confidence variant calls: the genome 
analysis toolkit best practices pipeline. Current Protocols in Bioin-
formatics. Hoboken, NJ, USA: John Wiley & Sons, Inc; 2013. pp. 
11.10.1–11.1011.

 43. Li H. A statistical framework for SNP calling, mutation discovery, 
association mapping and population genetical parameter estima-
tion from sequencing data. Bioinformatics 2011;27:2987–2993.

 44. Poplin R, Chang PC, Alexander D, Schwartz S, Colthurst T et  al. 
A Universal SNP and Small- Indel Variant Caller Using Deep Neural 
Networks, 36. Nature Biotechnology. Nature Publishing Group; 
2018. p. 983.

 45. Phelan JE, Coll F, Bergval I, Anthony RM, Warren R et al. Recombi-
nation in pe/ppe genes contributes to genetic variation in Mycobac-
terium tuberculosis lineages. BMC Genomics 2016;17:1–12.

 46. Jajou R, Kohl TA, Walker T, Norman A, Cirillo DM et al. Towards 
standardisation: comparison of five whole genome sequencing 
(WGS) analysis pipelines for detection of epidemiologically linked 
tuberculosis cases. Euro Surveill 2019;24.

 47. Lee RS, Behr MA. Does choice matter? reference- based align-
ment for molecular epidemiology of tuberculosis. J Clin Microbiol 
2016;54:1891–1895.

 48. Periwal V, Patowary A, Vellarikkal SK, Gupta A, Singh M et  al. 
Comparative whole- genome analysis of clinical isolates reveals 
characteristic architecture of Mycobacterium tuberculosis pange-
nome. PLoS One 2015;10:e0122979.

 49. Goig GA, Blanco S, Garcia- Basteiro AL, Comas I. Contaminant DNA 
in bacterial sequencing experiments is a major source of false 
genetic variability. bioRxiv. 2019;403824.

 50. Ren Y, Reddy JS, Pottier C, Sarangi V, Tian S et al. Identification 
of missing variants by combining multiple analytic pipelines. BMC 
Bioinformatics 2018;19:1–12.

 51. Nikolayevskyy V, Niemann S, Anthony R, van Soolingen D, 
Tagliani E et  al. Role and value of whole genome sequencing 
in studying tuberculosis transmission. Clin Microbiol Infect 
2019;25:1377-1382.

 52. Menardo F, Duchêne S, Brites D, Gagneux S. The molecular clock 
of Mycobacterium tuberculosis. PLoS Pathog 2019;15:e1008067.



16

Walter et al., Microbial Genomics 2020;6

 53. Paradis E, Schliep K. Ape 5.0: an environment for modern 
phylogenetics and evolutionary analyses in R. Bioinformatics 
2019;35:526–528.

 54. Kozlov AM, Darriba D, Flouri T, Morel B, Stamatakis A. RAxML- NG: 
a fast, scalable, and user- friendly tool for maximum likelihood 
phylogenetic inference. Wren J, editor. Bioinformatics 2019.

 55. Robinson DF, Foulds LR. Comparison of phylogenetic trees. Math 
Biosci 1981;53:131–147.

 56. Jombart T, Kendall M, Almagro- Garcia J, Colijn C. treespace: 
statistical exploration of landscapes of phylogenetic trees. Mol Ecol 
Resour 2017;17:1385–1392.

 57. Huang W, Li L, Myers JR, Marth GT. Art: a next- generation 
sequencing read simulator. Bioinformatics 2012;28:593–594.

 58. Kurtz S, Phillippy A, Delcher AL, Smoot M, Shumway M et al. Versa-
tile and open software for comparing large genomes. Genome Biol 
2004;5:R12.

 59. Zook JM, Chapman B, Wang J, Mittelman D, Hofmann O et al. Inte-
grating sequencing datasets to form highly confident SNP and 
indel genotype calls for a whole human genome 2014.

 60. Krusche P. Haplotype VCF comparison tools. Illumina; 2019.

 61. Didelot X, Gardy J, Colijn C. Bayesian inference of infectious 
disease transmission from whole- genome sequence data. Mol Biol 
Evol 2014;31:1869–1879.

 62. Spielman SJ, Wilke CO. Pyvolve: a flexible python module for simu-
lating sequences along phylogenies. PLoS One 2015;10:1–7.

 63. Felsenstein J. Journal of molecular evolution evolutionary trees 
from DNA sequences: a maximum likelihood approach. vol. 17. J 
Mol Evol 1981.

 64. Page AJ, Taylor B, Delaney AJ, Soares J, Seemann T et al. SNP- 
sites: rapid efficient extraction of SNPs from multi- FASTA align-
ments. Microb Genom 2016;2:1–5.

 65. Kendall M, Colijn C. Mapping phylogenetic trees to reveal distinct 
patterns of evolution. Mol Biol Evol 2016;33:2735–2743.

 66. Dixit A, Freschi L, Vargas R, Calderon R, Sacchettini J et al. Whole 
genome sequencing identifies bacterial factors affecting trans-
mission of multidrug- resistant tuberculosis in a high- prevalence 
setting. Sci Rep 2019;9:5602.

 67. Cohen T, Chindelevitch L, Misra R, Kempner ME, Galea J et  al. 
Within- Host Heterogeneity of Mycobacterium tuberculosis Infection 
Is Associated With Poor Early Treatment Response: A Prospective 
Cohort Study. J Infect Dis 2016;213:1796–1799.

 68. Cohen T, van Helden PD, Wilson D, Colijn C, McLaughlin MM et al. 
Mixed- strain Mycobacterium tuberculosis infections and the impli-
cations for tuberculosis treatment and control. Clin Microbiol Rev 
2012;25:708–719.

 69. Lee RS, Proulx J- F, McIntosh F, Behr MA, Hanage WP. Previ-
ously undetected superspreading of Mycobacterium tuberculosis 
revealed by deep sequencing. bioRxiv 2019;801308.

 70. Martin MA, Lee RS, Cowley LA, Gardy JL, Hanage WP. Within- Host 
Mycobacterium tuberculosis diversity and its utility for inferences 
of transmission. Microb Genom 2018;4 [Epub ahead of print 11 10 
2018].

Five reasons to publish your next article with a Microbiology Society journal
1.  The Microbiology Society is a not-for-profit organization.
2.  We offer fast and rigorous peer review – average time to first decision is 4–6 weeks.
3.   Our journals have a global readership with subscriptions held in research institutions around  

the world.
4.  80% of our authors rate our submission process as ‘excellent’ or ‘very good’.
5.  Your article will be published on an interactive journal platform with advanced metrics.

Find out more and submit your article at microbiologyresearch.org.


	Genomic variant-identification methods may alter Mycobacterium tuberculosis transmission inferences
	Abstract
	Data Summary
	Background
	Results
	Pipeline comparison for epidemic data
	Variants identified by different pipelines in the same outbreak data
	Transmission inferences across pipelines
	Phylogenetic inferences across pipelines
	Tool performance in a simulated outbreak
	Performance in recovering M. tuberculosis SNPs across tool combinations
	Effect of reference choice on performance in recovering M. tuberculosis SNPs
	Performance in recovering pairwise differences across tool combinations
	Effect of variant filtering on transmission inferences

	Discussion
	Trained variant-identification tools
	Interpreting population-level variation
	Variant filtering
	Reference genome choice
	Pathogen genomic epidemiology needs
	Conclusions

	Methods
	Pipelines
	Sensitivity
	Transmission cluster inference
	Phylogenetic inference
	Tool performance in a simulated outbreak
	Simulated sequence data
	Mapping and variant calling
	Variant filtering
	Performance benchmarking
	Outbreak simulations
	Phylogenetic inference

	References


