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ARTICLE INFO ABSTRACT
Article history: A common objective in microbial forensic investigations is to identify the origin of a recovered
Available online 2 July 2019 pathogenic bacterium by DNA sequencing. However, there is currently no consensus about how degrees

of belief in such origin hypotheses should be quantified, interpreted, and communicated to wider
audiences. To fill this gap, we have developed a concept based on calculating probabilistic evidential
’(€¥W°rf15~' ) values for microbial forensic hypotheses. The likelihood-ratio method underpinning this concept is
Microbial source tracking widely used in other forensic fields, such as human DNA matching, where results are readily interpretable
ﬁ%etfttfjeitigrassessment and have been successfully communicated in juridical hearings. The concept was applied to two case
Listeria monocytogenes scenarios of interest in microbial forensics: (1) identifying source cultures among series of very similar
Francisella tularensis cultures generated by parallel serial passage of the Tier 1 pathogen Francisella tularensis, and (2) finding
Likelihood ratio the production facilities of strains isolated in a real disease outbreak caused by the human pathogen
Listeria monocytogenes. Evidence values for the studied hypotheses were computed based on signatures
derived from whole genome sequencing data, including deep-sequenced low-frequency variants and
structural variants such as duplications and deletions acquired during serial passages. In the F. tularensis
case study, we were able to correctly assign fictive evidence samples to the correct culture batches of
origin on the basis of structural variant data. By setting up relevant hypotheses and using data on
cultivated batch sources to define the reference populations under each hypothesis, evidential values
could be calculated. The results show that extremely similar strains can be separated on the basis of
amplified mutational patterns identified by high-throughput sequencing. In the L. monocytogenes
scenario, analyses of whole genome sequence data conclusively assigned the clinical samples to specific
sources of origin, and conclusions were formulated to facilitate communication of the findings. Taken
together, these findings demonstrate the potential of using bacterial whole genome sequencing data,
including data on both low frequency SNP signatures and structural variants, to calculate evidence values
that facilitate interpretation and communication of the results. The concept could be applied in diverse
scenarios, including both epidemiological and forensic source tracking of bacterial infectious disease
outbreaks.
© 2019 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction pathogen responsible for an epidemic outbreak. This involves
tracing the pathogen to its source, i.e. a production facility, a
The main objective in microbial forensic science is to provide geographic area or a suspect person (e.g. [1-4]). The ease of get

evidence that can be used in legal proceedings by characterizing a access to pathogenic bacteria, performing mass cultivation and

spread it through food, water and air, for example, makes such

alternative appealing in a bioterror perspective. As most
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key issue in this respect is how best to quantify and express one’s
degree of belief in competing propositions regarding the available
evidence.

Unfortunately, no such framework has yet become widely
accepted in the microbial forensic science community. One
approach, known as phylogenetic forensic science [5,6], relies
on the inference of phylogenetic trees based on sampled sources
and evidence sequences. The position of an evidence sequence
in the tree is then used to determine its (most probable) source
and ancestry. Having established a tree, a forensic experiment
must then determine whether the evidence is conclusive or
inconclusive on the basis of existing knowledge about the
organism, its possible transmission routes, its niches, and the
source environment under investigation. Gonzalez-Candelas
et al. [7] utilized phylogenetic trees to reconstruct the
transmission of hepatitis C in a well-known forensic case
involving an anesthetist accused of deliberately infecting
patients in Valencia, Spain. Although the phylogenetic forensic
science approach has been very successful in court hearings on
microbiological cases, it lacks an underlying probabilistic model
for source assignment and so cannot be used to quantitatively
determine how strongly one can believe that a strain originates
from a candidate source. As such, it is somewhat arbitrary and
its outcome depends on the forensic investigator’s knowledge
and judgement.

A framework based on likelihood ratios has become established
in forensic analyses of human DNA sequences for criminal
investigations, satisfying the requirement for a statistical frame-
work with well-understood and transparent assumptions, and
has become a widely accepted basis for interpreting DNA matches
[8-10]. This framework relies on the concept of a “random match
probability”, i.e. the probability of obtaining a match with some
member of the population other than the accused person. This
“random match probability” is inferred by considering a validated
human population genetic database with a panel of reference
markers based on short-tandem-repeats in linkage equilibrium
(e.g. [11]). This allows forensic experts to make a quantitative
statement about the strength of the support that the genetic
evidence provides for given hypotheses. In addition, there is a well-
established approach for communicating the results of these
analyses in legal proceedings, with defined interpretations of
quantitative results derived using the likelihood ratio method
[12,13]. No such conventions exist for the analysis of microbial
DNA, so it would be desirable to develop a similar framework based
on the likelihood ratio method.

Unfortunately, this is a challenging task because unlike the
human genome, the evidence material in microbial forensic
science (i.e. microbial populations) evolves constantly and
rapidly. Bacteria reproduce asexually by cell division, so every
daughter cell would be genetically indistinguishable from its
ancestor were it not for diverse mechanisms that introduce
genetic variation in bacterial populations [14]. These mechanisms
can cause unrelated organisms to contain shared sequences.
Microbial species, and even groups of organisms within a
microbial species, differ in their capacity for genetic variation.
Some species such as the human pathogens Helicobacter pylori
[15] and Campylobacter jejuni [16] are very prone to shuffling parts
of their genome or integrating genetic material from other
organisms into their own genomes, while other species or lineages
within species do so rarely, such as the Tier 1 pathogen F. tularensis
[17]. Species of the latter type are described as clonal, and their
genetic content changes only minimally over generations. Many of
the most pathogenic bacterial species have clonal (or even
monomorphic) population structures [18].

Traditional population genetic analyses conducted in clinical
microbiology and investigations into infectious diseases are

based on consensus-level genetic data for the studied isolates.
These data are used to establish a genotype by methods such as
genome sequencing of large genomic regions (which has
recently become feasible at an affordable price and in a realistic
time frame) [14,19]. This data generation provide details on the
most likely consensus-level mutations present in a sample
compared to a reference sample. Recently, however, high
throughput sequencing (HTS) has enabled the sequencing of
entire bacterial populations within a sample, with sufficient
sequencing coverage to permit the detection and quantification
of low frequency mutations at an unprecedented level of detail
[20,21]. In a forensic setting, this makes it possible to
distinguish between possible sources of a sample recovered
from a crime scene by identifying signatures of low frequency
mutations.

In conclusion, to create a microbial forensic framework, it will
be necessary to build on approaches that have proven successful
in other areas of forensic science and modify them to suit the
unique properties of bacterial pathogens in terms of relevant
hypotheses and population genetic structures. We therefore
sought to develop an approach for calculating likelihood ratio-
based evidential values by adapting known statistical methods to
microbial genetic data. The methods were applied in two case
studies examining the pathogenic bacteria L. monocytogenes
(using consensus-level sequences) and F. tularensis (using popula-
tion genetic information on low frequency mutations). We
demonstrate that hypotheses can be evaluated by calculating
evidential values that can be reformulated into verbal conclusions,
enabling efficient legal communication of the results of forensic
microbial DNA analysis.

2. Material and methods
2.1. Methods of evidence evaluation

2.1.1. Likelihood ratio method

The likelihood ratio method is the primary tool for
evaluating DNA profiling evidence in modern human crime
investigations. One of its advantages over other methods is that
the evidence is analyzed both in the context of the hypothesis
forwarded (usually) by the prosecution and in the context of a
relevant alternative to that hypothesis. As such, it quantifies the
strength of the evidence for or against each hypothesis in the
debated context. Another benefit is that it allows for several
independent kinds of evidence to be integrated into a single
evidence value. A challenge when using this method is to
formulate the competing hypotheses in an appropriate way to
ensure that the calculated likelihood ratios are relevant to the
question at hand. It must also allow for the individual
likelihoods to be calculated or estimated accurately, either
analytically or by estimation based on the available data. A
common formulation of hypotheses in criminal forensic
investigations involving analysis of human DNA is:

Hp,: The recovered DNA profile originates from the suspect

H,: The recovered DNA originates from someone who is not the
suspect or a close relative of the suspect.

H,, is referred to as the main hypothesis and H, as the
alternative hypothesis. The likelihood ratio (LR) is then the ratio of
the probability of the DNA evidence (Data) given the main hypo-
thesis to the probability of Data given the alternative hypothesis:

__ P(Data|Hn,)
LR = P(DatalH,) (1)
When the hypotheses H,, and H, are simple, i.e. when each
hypothesis represents a single explanation of the Data, the
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likelihood ratio acts as a bridge between the prior and posterior
odds in Bayes’ theorem expressed in odds form:

P(Hn|Data) P(Hm) 5
P(Hq|Data) P(Hq) )

where, (P(H,,|Data)/P(Hy|Data)) are the posterior odds and (P(H,,,)/P
(Hg)) are the prior odds. According to the theorem, the prior odds of
the main hypothesis are updated to posterior odds in light of the
evidence by multiplying the prior odds by the likelihood ratio. The
value of the likelihood ratio thus represents the strength of the
forensic evidence and determines whether the prior odds are
updated in a way that strengthens (if the likelihood ratio is above
1) or weakens (if likelihood ratio is below 1) the evidence for the
main hypothesis.

Both the hypotheses formulated in expression (1) fulfil the
requirement that one and only one source is pointed out in each
hypothesis (i.e. simple hypotheses). In other cases, where the
alternative hypothesis comprise of several sources (i.e. a composite
hypothesis), the evidence value would be calculated according to
the following ratio:

= LR x

Na
P(DatalHm)/ > P(Data|Hq;)P(Hai|Ha), 3)

i=1

where, N, is the number of sources that H, comprises and H,,; is the
sub-hypothesis that the origin of the recovered evidence is source i
(i=1,..., Ng). The probability P(H,;|H,) is referred to as the
relative prior probability that the origin is source i given that it is
one of the sources comprised by H, Hereafter, we will only
consider simple hypotheses.

2.1.2. Statistical models for data

If the scale of Data is continuous, the likelihood ratio is the ratio
of the probability density function (PDF) valid under H,, evaluated
at Data to the PDF valid under H, evaluated at Data, i.e.

f(Data|Hp)

IR = FDatali,) - 4)

Therefore, to calculate the likelihood ratio directly we need to
know or estimate the PDFs under the two hypotheses. This may be
relatively straightforward, for example where there are well-
known and empirically validated probability distributions de-
scribing the distribution of the gathered data under different
scenarios. In other cases, the shape of the PDFs will be less well-
known, necessitating estimation using simulated or real data.
This may be done by normal approximation or kernel density
estimation (KDE) [22]. If the data are approximately normally
distributed, the normal approximation is a good choice for the
estimation. If data are not normally distributed and cannot be
transformed to normality, the non-parametric KDE method is
more suitable. KDE can be described as a “smoothing histogram”
where each data observation contributes to the histogram as a
distribution of any form instead of as a uniformly distributed
variable. KDE is often applied to univariate data in forensic
science (e.g. [23,24]) and is also nowadays commonly extended
for use with multivariate data (e.g. [25]).

KDE is a reliable method in cases where the training data
(consisting of simulated or real observations) for the studied
hypotheses features many observations and few variables (e.g.
low-dimensional data). However, if there are many variables (high
dimensional data) and/or a limited number of data observations for
the hypotheses, KDE becomes more complex and less robust, often
because of a lack of observations in the tails of the distribution.

To overcome the problem of overly high data dimensionality,
variable reduction methods can be used. One way is to fit graphical

models to the data, taking into account the dependency structure
between the different variables. Identifying loose or negligible
dependencies between (groups of) variables makes it possible to
apply lower-dimensional models to such groups. These low-
dimensional models can then be combined to form a full model.
This method has been used in forensic science investigations
involving glass fragment data [26,27]. Another way to reduce the
number of variables is to move from a feature-based method in
which each feature (variable) add one dimension to the probability
density function to a score-based method in which likelihood
ratios are calculated based on the PDFs of the variables’ scores. One
such score-based approach relevant to genetic analyses involves
estimating PDFs based on genetic distances rather than individual
markers. This is the approach we used to overcome difficulties
encountered in the E tularensis case study. Another example of a
score based method is the use of multivariate discriminant analysis
to obtain a linear combination of the original variables in the form
of a decision value, which can then be used to approximate the
PDFs under the hypotheses of interest [28].

An alternative way of dealing with high dimensional data is to
assign equal prior probabilities to the hypotheses in question and use
classification methods (e.g. random forest, support vector machines
or logistic regression) to calculate the posterior odds. The equal prior
probabilities assumption then allows the likelihood ratio to be
calculated backwards using Bayes’ theorem (i.e. obtaining the
likelihood ratio as the ratio of the posterior odds to the prior odds).

2.2. Case scenarios

2.2.1. Scenario 1

The disease listeriosis is caused by the human pathogen L.
monocytogenes. An outbreak of this disease in the US reportedly
originated from contaminated ice cream [29]. Two production
facilities were believed to be the source of the outbreak. As reported
by Chenetal.[29], genomes originating from these facilities formed
two clusters on a single branch, belonging to serogroup 2b and
genetic lineage 1. In a fictive forensic case, production facility 1 was
accused of being the origin of the recovered clinical isolates. Two
hypotheses were then considered for each patient:

H,: the source of the isolate from the patient was production
facility 1,

H,: the source of the isolate from the patient was not
production facility 1.

To perform the L. monocytogenes case study analyses, whole
genome sequence reads were downloaded from ftp://ftp.sra.ebi.ac.
uk/.These genomes are available under Genbank Bioproject accession
PRJNA215355, and were originally obtained by whole genome
sequencing performed according to the guidelines provided by the
Centers for Disease Control and Prevention (https://www.cdc.gov/
amd/). The paired-end reads were trimmed using Trimmomatic [30].
Assemblies were created using ABySS [31 ]. The Pilon software package
[32] was used to improve the variant detection probability. The strain
SRR1917440 was used as a reference in ProgressiveMauve [33] to
create an alignment of the genomes in the population. In total 40,548
SNPs were used to create consensus level-sequences of all isolates.
Calculations of pair-wise genetic distances in the SNP profiles were
based on the Hamming metric as implemented in DiStats [34].
Inference of a phylogenetic tree was performed using BEAST2 [35]
with the following non-default settings and priors: a GTR substitution
model, the site heterogeneity model was gamma (+G) with a
proportion of invariant sites (+I), and the tree prior was a Yule model.
Gamma distributions with default values were assigned as priors for
the substitution rates, and a strict clock model was assumed for the
substitution rate. The GTR + G + I model has been found to outperform
(simpler) alternative models [36]. The MCMC chain length was set to
100,000,000 with a thinning of every 10th iteration and a burnin of
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10,000,000 iterations. The inferred phylogenetic tree was plotted
using ggtree [37]. Kernel smoothing was used to produce probability
density distributions under the main and alternative propositions in
the same way as in the E tularensis case but with a bandwidth of
0.0005. The results of the evidence calculations for both scenarios
were interpreted based on a previously proposed ordinal scale [13].
For further details of the analysis, including the scripts used to
generate the results, please visit https://github.com/FOI-Bioinfor-
matics/MicrobialForensic science.

2.2.2. Scenario 2

Consider a fictive situation in which E tularensis has been
deliberately spread, e.g. as a powder in letters or in the drinking
water system, causing a disease outbreak from which the source
strain has been recovered. Preliminary epidemiological investiga-
tions demonstrate that there is no plausible natural process by
which the patients could have been infected by the recovered
strains. Genomic data on the source strain is acquired by sequencing
at a relatively low sequence depth of 30x, and a comparison to
published genomes reveals it to be identical to strain SCHU-S4 [38].
SCHU-S4 is a well-known highly pathogenic strain that has been
distributed tolaboratories all over the world since its parental strain
SCHU was isolated in 1941 in Ohio, US [38]. For simplicity, we
assume that only two laboratories (A and B) keep samples of the
outbreak strain as lab stock cultures. Batch cultures of the strain are
gathered from the two laboratories. Assume further that one of the
laboratory batch cultures, batch culture A, is the suspected culture,
while the other culture, batch culture B, acts as a reference sample.
The hypotheses to be investigated are:

Hp,: Culture batch A is the source of the attack sample

H,. The genetic variance of the SNP profiles was Culture batch A
is not the source of the attack sample.

To calculate reliable likelihood-ratio based evidential values,
reference populations under the two competing hypotheses are
needed. For this scenario, we used data from an earlier study [39] in
which two separate single colonies of E tularensis strain SCHU-S4
FSC237 AclpB were serially propagated over three transfers to form
two culture batches. These culture batches were then further
propagated over a further 23 transfers in 14 separate parallels, seven
for each batch culture. Cultivation was performed in flasks
containing Chamberlain’s medium using inocula containing 10°
CFU/mL for each transfer. The serial passages of the batches are
represented schematically in Fig. 2. Sequencing was performed
using a HiSeq 2000 instrument at depths of 500x for the initial
isolates; 15,000 x for the two batch cultures; 2500 x for transfers 2,4
and 6; and 500 x for transfers 8 and 24. We chose to base our analysis
on the sequencing data for the samples with the highest sequencing
depth, i.e. the culture batches and transfers 2, 4, and 6.

To visualize the genetic variation between the samples, non-
metric multidimensional scaling (nMDS) was performed using the
function metaMDS available in the R package vegan [40]. The
Euclidean distance between the SNP profiles of the deep sequenced
F. tularensis populations was chosen as the distance metric. The
resulting ordination was visualized using ggplot2 [41]. Probability
density functions for the competing hypotheses H,, and H, were
generated by kernel density estimation and based on pairwise
Euclidean distances between samples originating from the lab A
batch culture and between samples originating from different
batch cultures, respectively. To characterize the samples’ genetic
profiles, we used pairwise Euclidean distances based on both SNP
frequencies and the binary classification (present/absent) of the
structural variant mutations. Kernel density estimation was
performed using the geom_density function in the R package
ggplot2 with normally distributed kernels. For structural variant
analysis and for SNP analyses after two serial transfers, the default
bandwidth “nrd0” was used [22]. A bandwidth of 2 was used for

SNP analyses of samples collected after four and six serial transfers.
The genetic variance of the SNP profiles was calculated based on
observed SNP frequencies as:

12713

Vo= > pi(1-py, (4)
i=1

Assuming all SNPs are independent and p; is the observed
frequency of the polymorphism at the i:th position (there were
12,713 segregating positions in total) (see Ref. [42], adjusted for a
haploid species).

The reads were mapped to reference AJ749949.2 using bowtie2
[43]and SNPs were basecalled using varscan version 2.4.2 [44]. The
coverage for each position in each sample was checked using the
depth base tool in sambamba [45]. To include positions with a
depth of zero, the option —c 0 was applied. The duplications were
found by visual inspection of coverage plots over the genome. To
facilitate visualization of the coverage figures, only every 100th
position is plotted. To verify the mutations, and to determine their
approximate positions, a python script was written to go through
the coverage for each base in each genome using a sliding window
of size 100 (script available at https://github.com/FOI[HYPHEN]
Bioinformatics/MicrobialForensics). Duplications were defined as
areas with 100 or more consecutive sliding windows in which the
mean coverage was >1.2 times the median coverage over the entire
genome. A deletion was defined as an area with 100 or more
consecutive sliding windows in which the mean coverage was <0.2
times the median coverage over the entire genome. Three samples
were randomly selected as putative attack samples, one repre-
senting each transfer (sample ids: A1-2, A2-4, and A6-6), and were
excluded from the estimation of the corresponding PDFs for
evidence value calculations.

3. Results

3.1. Tracing the source of a listeriosis outbreak to ice cream production
facilities

We performed consensus-level re-analyses of 168 genomes
originating from the two production facilities, the environment,
the studied outbreak, and earlier outbreaks (see supplementary
material in [29] for isolate names). Eight of the 168 genomes
originated from the hospitalized patients, and our objective was to
compute evidential values for the sources of each of these
genomes. A preliminary assessment was conducted by performing
a phylogenetic analysis based on called SNPs. Genomes originating
from the two facilities were clearly separated, with some
sequences originating from other sources being placed in between
the two facility clades (Fig. 1A). The sequences obtained from each
patient were placed well within the respective facility clades,
indicating a distinct source origin for each sequence. The major
branches of the tree had high support, with posterior probabilities
close or equal to one (results not shown).

The population defined to form probability density functions
(PDFs) under Hy, and H, consisted of all strains originating from
facilities 1 and 2. All strains of other origins (i.e. environmental
strains and those isolated during earlier disease outbreaks) were
excluded from the evidence calculations because those origins
were not included in the investigated hypotheses. A score-based
approach was used to create PDFs of genetic distances within and
between production facilities via kernel smoothing such that f
(data|H,,) reflects the distribution of pair-wise genetic distances
within facility 1 and f(data|H,) is the distribution of distances
between sequences from the two facilities. The distributions under
Hn and H, were clearly separated (Fig. 1B), with means and
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Fig.1. (A) Inferred unrooted phylogeny of the analyzed L. monocytogenes samples based on the maximum clade credibility. Turquoise and green nodes correspond to samples
originating from facilities 1 and 2, respectively. (B) Probability density functions for the genetic distance within and between facilities, under H,,, and H, respectively, based on

the Hammering genetic distances between samples.
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Fig. 2. Cultivation of culture batches to obtain data for the competing hypotheses. Culture batches A and B were propagated in seven serial passages, each involving six
transfers. Samples were collected after transfers 2, 4, and 6 for shotgun sequencing with a sequence depth of 2500x. Genetic distances within samples originating from
culture batch A and between samples originating from different culture batches were calculated to generate reference data for the competing hypotheses.

variances (the latter are given in parentheses) of 0.00070 (0.00018)
and 0.01402 (0.00024), respectively.

To calculate evidential values, the genetic distances from
sequences associated with facility 1 were calculated for the
sequences obtained from each patient, and the densities under
Hp, and H, were compared according to Eq. (4). For each distance,
a likelihood ratio was obtained from the PDFs and the average
likelihood ratio for each patient were reported. All the calculated
evidential values were strongly supportive or contradictive,
depending on the origin of each isolate (Table 1), and the
assignments of clinical samples to their respective sources were
fully consistent with the findings of Chen et al. [29]. Using the
previously recommended terminology for communicating foren-
sic evidence values based on likelihood ratios to individuals not

trained in statistics [13], the results of the examination extremely
strongly support the conclusion that facility 1 was the source of
the patient strains, and the possibility that these results would be
obtained if an alternative hypothesis were true can be excluded in
practice. For strains originating from facility 2, the results of the
examination extremely strongly support the conclusion that
facility 1 was not the origin of the disease-causing strains.
Because only strains from two facilities were included, the results
extremely strongly support the conclusion that facility 2 was the
source of the strains. The between facilities genetic distance
distribution (from which the PDF under H, is estimated) would
more closely resembles the true distribution, if new isolates
sampled in additional production facilities would have been
included in the analysis.
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Table 1
Evidential values and corresponding conclusions for the clinical isolates based on the Hammering genetic distance.

Patient Isolate Evidential value Conclusion

1 SRR1193828 1.25E+16 The result of the examination extremely strongly
support the hypothesis that production facility 1 is
the source of strain.

2 SRR1217489 1.05E+16 The result of the examination extremely strongly
support the hypothesis that production facility 1 is
the source of strain.

3 SRR1695810 1.72E-17 The result of the examination extremely strongly
support the hypothesis that production facility 2 is
the source of strain.

4 SRR1745441 144E+16 The result of the examination extremely strongly
support the hypothesis that production facility 1 is
the source of strain.

5 SRR1975179 1.44E+16 The result of the examination extremely strongly
support the hypothesis that production facility 1 is
the source of strain.

6 SRR1996267 2.04E-17 The result of the examination extremely strongly
support the hypothesis that production facility 2 is
the source of strain.

7 SRR1996268 2.34E-17 The result of the examination extremely strongly
support the hypothesis that production facility 2 is
the source of strain.

8 SRR2047270 2.34E-17 The result of the examination extremely strongly

support the hypothesis that production facility 2 is
the source of strain.

To summarize, our re-analysis produced a classification of the
eight L. monocytogenes clinical isolates in full agreement with that
reported previously. However, our analysis has the added value of
providing probabilistic assessments of the strength of the
classifications and their evidential value.

3.2. Cultivating possible sources of an attack sample enables
calculation of an evidential value

For this scenario, we used data from an earlier study [39] in
which two bacterial batch samples were serially propagated over

Transfer
2
A4
H 6

0.2

Origin
0.1 B A
B B

00 “om X

MDS2

MDS1

26 passages and shotgun sequenced. Dwibedi et al. [39] report that
the batch cultures (batch cultures A and B in this scenario) were
derived from two single colonies of strain SCHU-S4 FSC237 AclpB.
The relationships between the cultivated populations were
visualized by performing non-metric multidimensional scaling
(nMDS) based on genetic distance and the frequency of single
nucleotide polymorphisms (SNPs). This did not reveal any clear
trend differentiating the batch cultures, suggesting that analyses
based on SNP frequency and genetic distance alone will not
discriminate effectively between batches or cultures having
undergone different numbers of transfers (Fig. 3A). Populations

Transfer
1.00

0.50

0.00

8 10 12

Genetic variation

Fig. 3. (A) Non-metric multidimensional scaling of pair-wise genetic distances between samples originating from batch populations A or B after different numbers of
transfers. (B) Estimated probability density functions of the genetic variation in SNP frequencies for different numbers of cultivated transfers. The solid, dotted and dashed
vertical lines indicate the genetic variation in the attack populations after two, four, and six transfers, respectively.
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that had undergone four or six transfers were generally further
separated than those that had undergone only two transfers, but
most of the populations clustered in the same region of the plot
irrespective of their batch origin.

One sample from each sequenced transfer (i.e. transfer two, four,
and six) was selected to represent the fictive attack populations (i.e. the
evidential material). To perform evidence calculations, one also
requires data on a representative reference population. This part of
the investigative phase, i.e. the selection of a representative reference
population, is highlighted here because in a real forensic case, the
analyst will not know how the attack population was amplified and this
uncertainty (in the assignment of the reference set) will affect the
accuracy with which the evidence is evaluated. To define the reference
population for comparison to the attack sample, we calculated the
genetic variance of the samples at each transfer. Genetic variance was
selected as the metric for comparison because variation should be
generated during the serial passages: the greater the number of
transfers, the more variation should be present in the population. PDFs
of the variance in SNP frequencies were estimated for samples that had
undergone two, four and six number of transfers. These PDFs were then
used to estimate the likelihood that the genetic variation of the attack
populations would be observed under each distribution to identify the
reference population with the highest likelihood score. The estimated
PDF for the samples that had undergone six transfers was clearly
differentiated from those for the samples that had undergone only two
and four passages: the means (and variances in parentheses) of the
genetic variation for the two-, four-, and six-passage samples were 8.74
(0.43), 8.92 (0.23) and 13.63 (0.14), respectively. The PDFs for the
samples that had undergone two and four passages overlapped
extensively, suggesting that the choice of reference between two and
four transfers is of little importance (Fig. 3B). However, the pdf of the
six-transfer population was well separated from the other pdfs. The
genetic variation in the attack populations from the two-, four-, and six-
transfer samples was 9.30, 8.91, and 13.11, respectively.

The next step was to estimate PDFs for the pair-wise genetic
distances based on SNP frequencies in the reference populations
after two, four and six transfers for samples originating from batch
A (Hy) and between batches A and B (H,). The resulting
distributions could not be separated under the competing
hypotheses because their PDFs overlapped very extensively
(Fig. 4). In fact, for samples that had undergone six transfers,
the PDFs for distances within batch A extended further to the right

(indicating greater genetic distances) than that for distances
between batches. The SNP data thus lacked discriminative
signatures, indicating that alternative genetic data would be
needed to obtain conclusive evidence.

As an alternative genetic signature, the coverage of sequence
reads aligned to the reference genome might provide additional
discriminative details as described in Dwibedi et al. [39]. A sudden
coverage increase or decrease in a specific regions suggesting a
duplication or deletion event [46]. Here we are using three
structural variants showing an altered distributions for samples
originating from different batches (Fig. 3). Two large duplications
(approximately 102 kb and 360kb, respectively) that existed
uniquely in samples originating from batch A, and one deletion
(approximately 0.2 kb) only existed only in samples originating
from batch B. Most samples from batch A exhibited both
duplications after passage 2; the remainder exhibited just one.
However, one or both of the duplications was lost during
subsequent passages in some cases. All samples from batch B
exhibited the deletion. The presence/absence of these structural
variants in each serial passage after different numbers of transfers
is summarized in Table 2, and the corresponding coverage
distributions are exemplified in Fig. 5. PDFs for the pair-wise
genetic distances (based on the presence/absence of these
mutations) between samples originating from within batch A
and between the batches were generated by kernel density
estimation and are shown in Fig. 6.

Pair-wise genetic distances between the attack samples and the
corresponding reference populations from batch A were calculat-
ed. Each pair-wise distance was associated with a likelihood ratio
(i.e. the ratio of the values of the PDFs at the given pair-wise
distance). The average likelihood ratios for the attack samples from
transfers two, four and six were 1.12e + 17, 4.30e + 7 and 1.02e + 17,
respectively. Table 3 presents the resulting evidential values and
descriptions of the conclusions using the terminology previously
developed for communicating statistical results in court and in
criminal investigations [13]. These fluctuations in obtained LR-
score reflects the uncertainty in the analysis, as the number of
populations included were relatively few, as were the number of
mutation events behind the estimated PDFs. As the kernel density
estimation method can produce unreliable densities for regions
covered with few data points [22], it is important to assess the
sampling procedure to estimate the PDFs.

A B
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Fig. 4. Estimated probability density functions (PDFs) of pairwise Euclidean distances (based on SNP frequencies) between samples originating within culture batch A and
between samples from culture batches A and B, respectively (A) PDFs of samples after 2 transfers. (B) PDFs of samples after 4 transfers. (C) PDFs of samples after 6 transfers.
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Table 2

Binary classification (presence/absence, denoted by +/-) of structural variant mutations based on per base coverage for all samples considered in the study. The abbreviation
“tr” stands for “transfers”. The approximate positions of the mutations with respect to the reference are 352.1 kb-454.1 kB, 1408.3 kB-1767.8 kB, and 920.0 kB-920.2 kB for

duplications 1 and 2 and the deletion, respectively.

Duplication 1 Duplication 2 Deletion
Serial passage 2tr 4 tr 6 tr 2tr 4 tr 6 tr 2tr 4 tr 6 tr
Al + + + + — — — —
A2 — — — + + + — —
A3 + + + + + - - —
A4 + + + + — — — —
A5 + + + + — — — —
A6 + + + + — - —
A7 - + + + + — - - -
B1 — — - - — + + +
B2 - - - - - - — + +
B3 - - - - - - - + +
B4 — — — — — — — + +
B5 - - - - - - - + +
B6 - — - - - — + + +
B7 — — — — — — + + +
A5-2 B5-2
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Fig. 5. Typical coverage plots and signals for structural variants. Top row: Data for a sample from culture batch A (A5-2), showing two peaks corresponding to duplication
events, and a sample from culture batch B (B5-2) that lacks the duplications. Sporadic drops in coverage are due to repetitive IS-elements distributed across the genome.
Bottom row: Expansion of the region around 920 kb in the upper plots showing the decline in coverage corresponding to the deletion event in sample B5-2. No such event is

seen in sample A5-2.

To summarize, we were able to define an alternative signature,
based on coverage data, for the samples to discriminate between
two competing hypotheses regarding batch origin.

4. Discussion
Interest in the field of microbial forensic science has

increased dramatically in recent decades. Like other fields in
forensic science, the goal of microbial forensic science is to

deliver data/information that are objective, understandable,
and informative with respect to stated hypotheses. Unfortu-
nately, current methods for attribution in microbial forensic
science lack a probabilistic foundation that can be used to
provide quantifiable results. To address this limitation, we
propose a method based on the probabilistic quantities known
as likelihood ratios, which can be used to quantify degrees of
belief in competing hypotheses regarding the source attribu-
tion of microbial samples.
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Fig. 6. Estimated probability density functions of pairwise Euclidean distances for structural variants between samples from culture batch A and between samples from
culture batches A and B, respectively: (A) PDFs for attack sample A1-2 and the four-transfer reference populations. (B) PDFs for attack sample A2-4 and the four-transfer
reference populations. (C) PDFs for attack sample A6-6 and the six-transfer reference populations.

Table 3
Evidential values and corresponding conclusions for the fictive attack populations
based on structural variants.

Attack Reference Evidential Conclusion

population population value

2 4 1,12E+17  The result of the examination extremely
strongly support the hypothesis that
batch culture A is the source of the
attack sample.

4 4 5,30E+07 The result of the examination extremely
strongly support the hypothesis that
batch culture A is the source of the
attack sample.

6 6 1,46E+01 The result of the examination support to

some extent the hypothesis that batch
culture A is the source of the attack
sample.

Our method was applied in two case scenarios: a food poisoning
outbreak of listeriosis caused by the human pathogen Listeria
monocytogenes, and a batch culture attribution scenario involving
the tularemia-causing bacterium F, tularensis. In both scenarios, we
demonstrated how to set up and evaluate hypotheses regarding
sample origin by calculating evidential values, and present
conclusions using previously developed terminology for commu-
nicating forensic results to people without statistical training [13],
which has not been done previously in the context of microbial
forensic science.

In the E tularensis case study, we relied on signatures derived
from ultra-deep sequencing data, which is crucial when investigat-
ing highly monomorphic species because resolution at the
consensus level is limited. SNPs are typically the markers of choice
when characterizing genomes. However, in this case, an analysis
based on SNP frequencies would not enable confident source
identification because the vast majority of the SNPs were sample-
specific rather than batch-specific. Instead, SNP profiles were used
to quantify the accumulated genetic variation over time to identify
appropriate reference populations, increasing the accuracy of the
evidence evaluation. The main mutations that separated the batch

cultures were structural variants detected in the sequence coverage
analysis. These variants are difficult to detect with variant calling
algorithms but were identified in the genome coverage profiles
(whose construction was enabled by the use of high-throughput
sequencing data). It should be noted that in cases involving large-
scale cultivation of pathogens for production purposes, the method
proposed herein requires cultivation of possible batch culture
sources to create representative reference populations relevant to
the forensic task at hand. These reference populations are needed to
successfully evaluate hypotheses using the likelihood ratio method.
Our findings of structural variants generated during laboratory
cultivation and previous reports on similar genetic changes in
culture experiments using other bacteria suggest that investigating
structural genetic variants is a fruitful approach to detect
laboratory-induced mutations [39,46,47].

We also demonstrated the use of the likelihood ratio method in
an analysis of a real foodborne disease outbreak caused by the
pathogen Listeria monocytogenes [29]. Chen et al. [29] performed
comparative genomic analyses of strains collected at the facilities
suspected to be the sources of the infection and the strains that
infected the patients. The consensus sequences of the outbreak-
associated isolates were then placed in a phylogenetic tree to
determine whether they were most likely to have originated from
facility one or facility two based on their clustering with the two
sets of facility-derived isolates. In addition, a set of SNPs were
reported to discriminate between the two facility lineages,
indicating adaptation of the isolates to their local environments.
Our analysis complements and expands upon the source-tracking
analysis of Chen et al. [29] by quantifying the strength of the
evidence for the origin of the outbreak strains. Source tracking in
this case was relatively straightforward because of the substantial
genetic differences between strains from the two facilities, and one
could argue that the phylogenetic approach was sufficient for
source tracing. However, when such analyses are conducted in the
context of a forensic investigation, it is very desirable to be able to
quantify the degree of belief in the hypotheses and to be able to
communicate that strength of belief in a way that is easily
understood by participants in legal proceedings.
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Many similar phylogenetic investigations into disease out-
breaks have been reported in the literature. For example, Whaley
et al. [48] identified the most probable source origin of a Neisseria
meningitides outbreak in the U.S. by linking isolates to well-known
reference strains of known origin. The L. monocytogenes case study
discussed here demonstrates that the method presented in this
paper could be generally useful in epidemiological investigations
in which there is a need to differentiate between genome
sequences from suspected sources.

The greater the amount of data available for the different
hypotheses under consideration, the better the estimated proba-
bility density functions and the more accurate the calculated
evidential values. In the case study on F. tularensis, seven parallel
serial passages were performed for each lab batch. This is probably
too few samples to obtain good estimated density functions and
calculate robust evidential values. However, our objective was to
assess the merits of the likelihood ratio method in microbial
forensic science rather than to produce robust evidential values. In
a real forensic investigation, we recommend performing at least
100 parallel serial passages for each suspected source. Additionally,
further studies are needed to assess the robustness of the
evidential values in different scenarios and its dependence on
the amount of available data.

The investigations presented in this paper adhered to the
standard four-step procedure for conducting forensic inves-
tigations, which entails (1) collecting evidence material, (2)
examining the evidence, (3) analyzing the evidence, and (4)
ensuring that the results of the analysis are reliable and
reporting them transparently. Unlike earlier microbial forensic
works, we suggest that the whole process of forensic microbial
genomic analysis should be based on hypothesis testing using
likelihood ratio methods to calculate evidence values, and that
these results should be expressed using a Scale of conclusions
[13] to enable objective communication of the results of DNA
analyses during legal proceedings. The common approach of
using phylogenetic methods to connect outbreak isolates to a
putative source (i.e. the phylogenetic forensic method), as used
in the L. monocytogenes case, does not enable quantification of
confidence in source attribution; it only permits a candidate
source origin to be accepted or excluded, without accounting for
the uncertainty in the assignment. Importantly, the likelihood
ratio approach should be generally applicable in diverse scenarios
— for example, cases in which a recovered evidence isolate may be
naturally present in the local environment, or where there is
uncertainty about whether a disease outbreak has malicious or
natural origins.

5. Conclusions

We have demonstrated the usefulness of the likelihood ratio
approach for the evaluation of source attribution in microbial
forensic cases by calculating likelihood ratios for two case
scenarios: one in which high throughput sequencing data were
used to distinguish between extremely similar batch cultures of F
tularensis, and one in which publicly available sequencing data
were used to identify the source of a L. monocytogenes outbreak.
The main purpose of the method is to facilitate the interpretation
of evidence in legal proceedings. However, it may also have
applications in contexts outside criminal investigations, such as in
source tracing of waterborne contaminants or during food
poisoning outbreaks. To become generally accepted, the concept
will have to be refined and adjusted to account for the peculiarities
of different organisms and scenarios. We therefore hope that the
results presented here will inspire other researchers to develop
further applications of the likelihood ratio method in microbial
forensic science.
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