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Deliverable Description

Whole genome sequencing is a powerful technique, the application of which is leading to profound changes within
the field of microbiology. It is increasingly being applied within diagnostics and, more recently, for epidemiological
purposes. Its use for surveillance and the characterisation of circulating zoonotic and foodborne organisms
provides new possibilities and new challenges in the analysis of data. This document aims to give an overview of

how to apply whole genome sequencing data within different areas, to provide meaningful data for
epidemiological analysis and risk assessment.
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1. Reasons and strategies for analysis of surveillance data

1.1 Purpose and types of disease surveillance

Surveillance of infectious microorganisms and the diseases they cause, form the basis of national and
international disease preparedness systems. Circulating and emerging disease-causing bacteria, viruses and
parasites may be monitored from humans (generally as a bi-product of diagnostic practises), or through the
monitoring of wild animals, production animals, the environment and crops, and the control programs and
quality assessment of food products.

Microorganisms and the diseases they cause may be under surveillance for a number of different reasons,
including:

e Detection of disease outbreaks

e Source tracing, e.g. in outbreaks involving imported foods

e Description of long-term trends and possibly emergence of ‘success clones’

e Estimation of the impact of control measures such as interventions, food safety and other knowledge
exchange campaigns

¢ Monitoring of antibiotic resistance traits

e Detection of changes in bacteria and viruses, e.g. the evolution of virulence factors or mechanisms to
escape immune system responses

e Applications for research to understand (and ultimately prevent) risk factors and transmission routes
of infectious diseases, such as foodborne infections

¢ Performing source attribution, i.e. a complete description of the relative importance of the combined
sources of infection for a disease, to help guide surveillance strategies

¢ I|dentification of population groups with special risks of certain diseases, i.e. incidence according to
age, gender, geography, or risk behaviour, which could inform risk-based surveillance schemes.

It is important that the disease surveillance systems are set up in order to best address these purposes
(something which is sadly often not the case). The phrase ‘Data for Action’ is frequently used by epidemiologists
to capture why surveillance is utilised, with data provided that directly serves the purpose of limiting the
number of infections. Disease surveillance is sometimes conceptualised as a circular process to emphasise this
fact, see Figure 1.1. Information is collected and analysed to provide data for risk assessments that, if they
highlight a public health problem, are used to target an intervention, the result of which is monitored by the
continued disease surveillance.
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FIGURE 1.1: THE SURVEILLANCE LOOP. DATA FOR ACTION ARE BEING GENERATED THROUGH DISEASE
SURVEILLANCE. SOURCE: WWW.SSI.DK . SEE TEXT FOR EXPLANATIONS.

A modern surveillance system therefore may make use of several instruments with which to collect and analyse
data in a timely way and thereby provide results and knowledge to the authorities responsible for treatment,
prevention and control.

1.2 Application of whole genome sequencing data for disease surveillance

For the purpose of surveillance, microorganisms causing foodborne diseases have historically been identified
and characterised by various methods, determined to provide cost-efficient detection and characterisation
specific to each type of organism. This involved phenotypic methods such as speciation and serotyping or phage
typing but also, in more recent years, a number of genotypic methods. Although these were often pathogen
specific, PFGE in particular has been applied successfully as a more generic typing method for foodborne
bacteria, enabling epidemiologists to detect outbreaks dispersed over time or long geographical distances. In
virology in recent decades, the prevalent typing method has been Sanger sequencing of PCR amplicons, often
with different targeted genomic regions per laboratory. When new typing methods have been developed it has
taken years to provide the hands-on experience needed to perform sound epidemiological analyses and new
methods have often not been applied uniformly in different countries, making it impossible to do cross-border
comparisons.

The generation of and analysis of whole genome sequencing (WGS) data is now increasingly becoming part of
disease surveillance in many countries. A single typing method used by all confers obvious advantages for
interpretation and comparison of results and additionally WGS holds the promise of being able to
simultaneously fulfil all surveillance purposes listed above. The wealth of data generated, however, provides
challenges for analysis and interpretation. Generally, it seems that the epidemiological (and microbiological)
field is in the middle of a transformation process similar to what has been witnessed when new typing methods
have previously been introduced. Tools for analysis, data storage and communication are needed, as well as
experience on how to use and interpret data for routine surveillance purposes. This is becoming available for
some organisms, Listeria monocytogenes being a good example and therefore treated in some depth in this
document. For other organisms, e.g. Campylobacter sp, application is yet in its infancy.
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1.3 Choice of analysis path depends on the aim of analysis

Though a single typing method, WGS, may now be used, it is not possible to devise a uniform analytical method
for epidemiological results. One size does not fit all. Viruses and bacteria are fundamentally different. This will
be reflected in the choices made for analysis of their sequence data. However, two different types of bacteria
may also require very different analytical approaches to reach useful public health information. Listeria and
Campylobacter for instance, have very different behaviours in terms of frequency and virulence, but also in
terms of epidemiology and transmission routes. Furthermore, the analytic perspective also very much depends
on the specific epidemiological field; disease in farm animals is surveyed and managed very differently from
disease in humans. And from the point of view of food producers, a third set of methods might be emphasised.

Finding Monitor
outbreaks trends

{Human or (e.g. emergent
animal) clones)

Surveillance

purpose

Monitor
traits, e.g.
AMR

Source
attribution

FIGURE 1.2: THE APPROACH TAKEN FOR ANALYSIS OF DATA DEPENDS ON THE PURPOSE OF THE
INVESTIGATION.

The choice of analytical method for treating surveillance data also depends on the ultimate purpose of
surveillance, as illustrated in Figure 1.2. Timely detection of Salmonella outbreaks with the aim of rapid control is
different from trying to understand the dynamics in antibiotic resistances gene evolution and transmission
between bacterial species. In this deliverable, we have tried to cover this aspect by describing different methods
with an emphasis on outbreak detection and investigation and source attribution.

1.4 Finding and investigating outbreaks

One of the major aims of foodborne microorganism surveillance is detecting disease outbreaks. Using WGS for
routine surveillance may find important use in detecting disease outbreaks, defining cases and comparing
patient organism characteristics with those from organisms isolated from foods, production facilities or animals.
Whereas the previously used typing methods for bacteriology (e.g. PFGE) would directly produce an
epidemiological meaningful grouping of pathogens, with WGS data the definition of the genetic similarity within
the grouping has to be agreed on and extracted from the rich sequence data using an appropriate analysis
method. This step is what is referred to as A in Figure 1.3. Secondly, subtype information may then form the
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basis of traditional cluster analysis detection methods (which may also rely on metadata), illustrated with B in
Figure 1.3. Verification and investigation of the outbreak may then use a variety of epidemiological and
microbiological methods, some involving data analysis. This is illustrated with process C in Figure 1.3. Here,
collaboration between virologists and bacteriologist in the Compare consortium is very valuable; in virology
cluster detection based on evolutionary distance cut-offs (based on partial genomic sequences) have been
common practice for many years.

Subtype(s) to screen for detection of
outbreaks (pathogen dependent e.8. WGS.
predicted serotype, MLST, ¢gMLST)
D A
Identification of possible clusters of the
above defined subtype(s) using cluster
detection algorithms (purpose dependent e.g

human, animal or food surveillance; e.g. SaTScan,
Farrington, Bayes, CUSUM, Kalman, Sparr)

Verification of outbreak

By applying more discriminatory WGS tools | By epidemiology: descriptive epi, interview

e.g. SNP analysis studies, identify possible links

‘ C Source identification
SNP analysis including relevant source (e.g. I | By epidemiology: patient interview,
feed, animal, food) strains analytical epi studies

FIGURE 1.3: ALGORITHM FOR INVESTIGATION OF OUTBREAKS.

1.5 Content of this document

In this deliverable, we have taken to understand the term ‘Algorithm’ as a decision tree (not a mathematical
singular algorithm). The deliverable aims to give an overview of how WGS data may be applied with an
epidemiological purpose and to suggest the most appropriate methods. This deliverable describes the diversity
of applications and divides the analysis into different situation dependent steps. These include the analysis of
sequence data to provide useful organism groups (step A in Figure 1.3, Chapter 2) and the application of
outbreak detections methods (step B in Figure 1.3, Chapter 3). It mentions different types of analysis tools, with
the aim of finding the source of an outbreak (step Cin Figure 1.3, Chapter 4). It further gives examples of a
recent use in an epidemiological context within the Compare network, particularly involving work on Listeria
monocytogenes (Chapter 5), but also on Salmonella (Chapter 6). It then goes on to treat the application for risk
assessment and source attribution (Chapter 7).
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2. Overview of methods to analyse sequence data

It is a requirement of the mathematical algorithms described in Chapter 3 that the WGS data are assigned to
“types”, i.e. that the genomes are grouped into a limited number of genetically closely related groups below the
species level. Occurrence of these types is the data input in the algorithms described.

Different approaches can be used for analysis of WGS raw data and for the phylogenetically relevant grouping of
genomes. Ongoing and planned work in the Compare project is evaluating these methods for the purpose of
outbreak detection and linking sources to patients. Here, we present an overview of the presently most
commonly used analysis methods and provide two relevant examples of the application of these methods. In the
following section, the focus will be on the analysis of whole genome sequences of bacteria.

2.1 Subtyping by MLST

Original 7-locus MLST (Multi Loci Sequence Typing) is often used for initial typing of bacteria and gives a
sequence type (ST) which yields a useful discriminatory level for grouping isolates into sub-types in most
bacteria. In many cases, e.g. for Salmonella, the ST corresponds quite well to the serovar that was previously
used as a sub-type for epidemiological surveillance (Achtman et al 2012). The 7- locus ST can rapidly and easily
be deduced from the raw data produced by the sequencing run, and the ST is often the first step used to
subdivide the strains into sub-groups for further phylogenetic analysis and cluster detection.

In bacteria that are less clonal, the Clonal Complexes (CC) are also often used as a subtype. The CC’s are usually
larger groups containing several STs, which share 5 or 6 loci in the MLST scheme.

Following the subtyping and division into smaller groups, the WGS data of isolates are then submitted to a more
discriminatory analysis, which are based on larger fractions of the genome. The outcome of these analyses are
genetic clusters, where isolates and the patients from which they were isolated can be subjected to
epidemiological investigation. Description of these cluster detection methods are available in Chapter 4.

Reference

Achtman M, Wain J, Weill FX, Nair S, Zhou Z, Sangal V, Krauland MG, Hale JL, Harbottle H, Uesbeck A, Dougan G,
Harrison LH, Brisse S; S. Enterica MLST Study Group. Multilocus sequence typing as a replacement for serotyping
in Salmonella enterica. PLoS Pathog. 2012;8(6):€1002776. doi: 10.1371/journal.ppat.1002776.
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B0x 2.A: A NATIONAL EXAMPLE: PUBLIC HEALTH ENGLAND’S APPROACH!

Whole genome sequencing (WGS) is now being performed by Public Health England (PHE) for routine surveillance of several
gastrointestinal pathogens including Salmonella spp., Shigella spp., pathogenic strains of Escherichia coli and Listeria
monocytogenes. This service provides resolution to the single nucleotide polymorphism (SNP) level. Typically, the genetic
relationship between isolates (SNP differences) is represented on a phylogenetic tree; however in order to work with continuous
phylogenetic data in an epidemiological context, a system to categorise the data into discrete groups is necessary. A hierarchical
system for defining and naming clusters called the ‘SNP address’ has been developed and incorporated into PHE’s
gastrointestinal pathogen bioinformatics pipeline to address this need!.

The initial bioinformatics step involves deriving the Multi Locus Sequence Typing (MLST) which is used to assign each isolate a
sequence type (ST). STs are further grouped into discrete, phylogenetically related groups called eBurst groups (eBGs) or clonal
complexes (CC). The eBG or CC is used to identify the appropriate reference genome for the second bioinformatics step. This
involves the alignment of each isolate’s genome to the appropriate reference genome and pairwise analysis to calculate the
number of individual SNP differences (i.e. the ‘genetic distance’) between all pairs of isolates within a specific eBG or CC. Single
linkage hierarchical clustering is performed at seven descending thresholds of SNP distance within each eBG or CC; these
thresholds are 250, 100, 50, 25, 10 and 0 SNPs. This clustering results in a discrete seven-digit code where each number
represents the cluster membership at each descending SNP distance threshold. The resultant SNP address provides an isolate-
level nomenclature where two isolates with the same SNP addresses have 0 SNP differences. Ancestral relatedness of isolates
with similar SNP addresses can then be ascertained using traditional methods.

All reference laboratory results for gastrointestinal bacteria are held within PHE’s dedicated database, Gastro Data Warehouse
(GDW). Several tools have been developed for cluster detection, extraction, characterisation and assessment to aid in the
detection and prioritisation of outbreaks for investigation. These tools are used by teams at the local as well as the national
level. They allow the extraction of line lists of cases matching the SNP address at the 5-SNP level, which are summarised by case
and cluster-level demographics (age and sex distribution, temporal and geographic distribution, travel history outside the UK
and presence of any food, water, environment or animal isolates in the cluster). These attributes are then used to perform an
initial rapid assessment of each cluster. Clusters flagged for further more in depth assessment are then evaluated in the context
of the wider phylogeny using more traditional methods (descriptive epidemiology and construction of a phylogenetic tree).
Common attributes in genetically proximate isolates are used to aid hypothesis generation and to define the outer (or inner)
limits of the cluster. Based on the outcome of this analysis, the cluster may be selected for full outbreak investigation. A partial
SNP address (to the level chosen to define the outbreak) is then incorporated into the outbreak investigation case definition and
used to monitor the cluster for new activity and following a public health intervention, to monitor the success of the intervention
(if no further cases within the cluster limits are detected, the intervention is deemed successful).

The current approach developed by PHE uses a SNP difference threshold to detect clusters with new activity, but thresholds are
not used to define the limits of outbreak investigations as these are determined on a case-by-case basis to fit the context of the
investigation. For most pathogens, the 5-SNP level is used as the cluster detection threshold as this was identified in validation
studies!—3 as the level within which outbreaks were most commonly contained and beyond which cases were less likely to be
part of the same epidemiological event. An exception has been applied for Shigella sp. (detected at the 10-SNP level) as
transmission for this pathogen is typified by long chains of person to person transmission over an extended period of time,
during which more genetic variation is likely to occur.

References

1. Waldram, A., Dolan, G., Ashton, P. M., Jenkins, C. & Dallman, T. J. Epidemiological analysis of Salmonella clusters
identified by whole genome sequencing, England and Wales 2014. Food Microbiol. (2017).
doi:10.1016/j.fm.2017.02.012

2. Dallman, T. J. et al. Whole-genome sequencing for national surveillance of Shiga toxin-producing Escherichia coli
0157. Clin. Infect. Dis. 61, 305-12 (2015).
3. Dallman, T. J. et al. Use of whole-genome sequencing for the public health surveillance of Shigella sonnei in England

and Wales, 2015. J. Med. Microbiol. 65, 882—-884 (2016).

! public Health England is not a participating organisation in the COMPARE project
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Box 2.B: EXAMPLE: ELEVATIONS TOOL IN NORONET

. . In international data sharing databases with sanger sequences of viruses,
Genomic posmon of 20668 the genomic regions of the sequences often do not (completely) overlap.
NoroNet sequences For instance in the Noronet database, sequence lengths range from 30 nt
to 7570 (i.e. complete genomes), and there are several different regions
on the genome which are being used for PCR and sequencing (see figure).
20000 - This makes clustering algorithms based on multiple alighment less useful.

Also clustering based on pairwise similarity will only lead to clusters of
19000 overlapping sequences. Often molecular clustering is used to support or

disprove the identification of clusters based on epidemiological criteria.
18000
In the Noronet database, a clustering algorithm (elevations module) has

17000 been designed in which a cluster is identified on a combination of criteria,
both epidemiological (time and place) and molecular (genetic distance).

16000
As in NoroNet we are interested in the detection of international
15000 dispersed (foodborne) clusters the criteria of the elevation module are
set as follows:
14000
A new cluster is identified when:
13000 - Two sequences are found with a pairwise similarity of at least
99.5% (momentarily based on BLAST score): This means that 1
12000 mutation is accepted in sequences which overlap by at least
200 nt.
11000 - The two sequences have reporting dates which are at most one
year apart: As norovirus can be transmitted via frozen foods,
10000 we kept this period this long
- The two sequences have been reported by two different
9000 countries: because we are interested in
dispersed/diffuse/international outbreaks
8000
This elevation analysis is run daily on all newly submitted sequences.
7000
A new sequence is added to an existing cluster if:
6000
- It has at least 99.7% similarity with one of the sequences in the
5000 previously identified clyster: this way two non-overlapping
sequences can end up in one cluster if one longer sequence is
available which overlaps with both.
4000

- Is has a reporting date which is at most one year apart from
one of the sequences in the cluster.

3000 - It is reported by a different country from one of the other

sequences in the cluster.

2000
The software of the NoroNet database includes a notification system, in
1000 which an email is sent to the curator(s) when a new elevation has been
identified.
0
0 2000 4000 6000 As norovirus is a pilot pathogen in Compare, several partners are
postition on norovirus genome performing WGS on norovirus. Once a substantial amount of norovirus

WGS data have been collected, the Noronet elevation algorithm will be
redesigned and tested for cluster detection based on complete genomes.
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3. Inventory of available cluster detection algorithms

Cluster detection algorithms can be used for the identification of disease outbreaks and may thereby contribute
to their early detection. This chapter assesses five cluster/anomaly detection algorithms used for disease
monitoring and their appropriateness for use of whole genome sequencing (WGS) data. This chapter is based on
the previous Compare Milestone report within WP4, M16.

The five algorithms selected represent distinct types of mathematical methods to determine spatial, temporal or
spatio-temporal clusters which could be used for disease outbreak detection. This chapter summarizes the
methods of each algorithm and its applicability for WGS datasets, based on the experience of the authors. The
methods represent the main classes of these algorithms, however, it should be noted that many modifications of
these methods or methods that utilize similar approaches exist which are not presented here. It is a requirement
of the algorithms that the WGS data are already ‘pre-analysed’ so that strains are put into groups for
epidemiological analysis (Chapter 2).

The methods are described and discussed below.
3.1 Spatial/ temporal cluster detection

3.1.1 SaTScan temporal, spatial or spatio-temporal analysis
Method: The scan statistic within the SaTScan freeware (https://satscan.org; Kulldorff and Nagarwalla, 1995;

Kulldorff, 1997) locates the sites of the most likely pathogen clusters that are not randomly distributed. The
method can be used for spatial, temporal or spatio-temporal cluster detection, with a time precision of day,
month or year. The test compares the relative risk of being a case within an area/ time period in comparison
with the risk outside of the area/ period. Clusters of cases are identified when the relative risk is above that
expected and the cluster has the maximum likelihood of representing the study population. A main cluster with
the highest relative risk is identified while secondary clusters are detected in this method that do not overlap the
main cluster. The method can use either a Bernoulli model, where the WGS output is ordered into cases and
controls, a Poisson-based model, assessing the number of cases in an area against a known background
population at risk, or a space-time permutation model, where only the cases are necessary. The choice of model
is often constrained by the lack of data on the background population.

This methodology has been used in a number of situations to investigate possible areas of disease outbreaks,
such as to assess the most likely spatial-temporal cluster of horse cases of Salmonella Krefeld in a veterinary
hospital (Pare et al., 1996). Other examples include the assessment of acute respiratory disease in Norwegian
cattle herds (Norstrom, Pfeiffer and Jarp, 2000) and the detection of the most likely temporal cluster of different
Salmonella serotypes in dairy cattle (Sato et al., 2001).
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Retrospective Space-Time analysis
scanning for clusters with high rates using the Poisson model.

SUMMARY OF DATA

Study period.............: 2008/6/1 - 2012/6/30
Total population.........: 14

Total number of cases....: 834

Annual cases / 100000....: 1462794.1

MOST LIKELY CLUSTER
Location IDs included.: All

Time frame............: 2010/3/1 - 2010/5/31
Number of cases.......: 77
Expected cases........: 52.35

Annual cases / 100000.: 2151773.0
Observed / expected...: 1.471
Relative risk.........: 1.519

FIGURE 3.1: EXAMPLE OF SATSCAN ANALYTICAL OUTPUT
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SatScan
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FIGURE 3.2: EXAMPLE OF THE USE OF SATSCAN TO ANALYSE EUROPEAN SURVEILLANCE DATA. THE EXAMPLE
USES PAN-EUROPEAN DATA FROM 2002 COLLECTED VIA THE ENTER-NET NETWORK ON SALMONELLA
BOVISMORBIFICANS. THREE TRANS-NATIONAL CLUSTERS WERE DETECTED USING ELLIPSOID ANALYSIS, PANEL
3. (PEDERSEN ET AL, 2009)

Pros: The scan statistic can adjust for changes in population size over time, take the underlying population into
account, and can also incorporate a limited number of categorical covariates.

Cons: the power to detect clusters is reduced for long and narrow clusters, as the test searches for circular
clusters, and for where clustering occurs throughout the study region. The test has also been amended to look at
different shapes of clusters (e.g. oval), although these are computationally complex. The temporal-spatial
analysis greatly increases the run time of the analysis and so this may not be suitable for weekly assessments.
The outputs of the analysis are not presented on a map.

Expected suitability for use with WGS data: SaTScan has been shown to have suitable power in detecting
localised epidemiological clusters which would be useful. However, the statistical power has been shown to be
reduced for long and narrow spatial clusters, as the test searches for circular clusters, and for where clustering
occurs throughout a study region.

3.1.2 Sparr spatial cluster analysis
Method: The ‘Sparr’ package (SPAtial Relative Risk) developed for the R statistics platform provides a method for

detecting spatial ‘hot spot’ of high or low relative risk (https://cran.r-
project.org/web/packages/sparr/index.html; Davies, Hazelton and Marshall, 2010). The method requires data to

be organised into a binomial outcome and allows for the estimation of both fixed and adaptive kernel-smoothed
relative risk surfaces via a density-ratio method. Most applications of the relative risk function utilise plotting the
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relative risk within the study region (especially for an inspection of tolerance contours), and analytical outputs
can attribute a risk value and a P-value to each point in a grid that overlaps the study region. The resolution of
the grid can be adjusted. The benefit of the Sparr method is that the data-adaptive techniques allow for high
intensity analysis of data-rich geographical areas and low intensity analysis of data-sparse areas, whereas most
spatial analyses require a single intensity level (bandwidth) and so are limited by any areas with few cases. This
method was shown to be useful in analysing the presence of H5 and H7 avian ‘flu subtypes from surveillance
across the European Union (Hillman et al., in prep).

Adaptive log-risk function clade until 2009
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FIGURE 3.3: EXAMPLE OF ‘HEAT’ MAP OF RELATIVE RISK FROM SPARR ANALYSIS (CONTOURS INDICATE P-
VALUE FOR AREAS OF STATISTICALLY SIGNIFICANT RISK).

Pros: The analytical output is typically summarised in an easy to interpret map of smoothed log-relative risk,
displayed as 12 increasing ‘heat’ colours, with two sets of contour lines representing the upper 5th and 25th
percentile of risk. The ability to account for areas of sparse data without limiting the analysis of other areas
could be very useful for large-scale analysis of WGS, for example for comparing across regions with large
amounts of relevant WGS data and areas with few data points.

Cons: The method may be oversensitive to indicating areas of significant risk when data is scarce, which would
likely be a concern with its use for WGS data. The analysis is also computationally demanding to run.

Expected suitability for use with WGS data: As WGS of isolates is not completed as standard and data coverage
may be patchy, a method that can account for areas of sparse data may be very important for completing
analysis of WGS surveillance data. The method would also highlight the size and shape of spatial areas of high
risk that could be targeted for enhanced surveillance.
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3.2 Temporal anomaly detection

3.2.1 Farrington algorithm temporal cluster detection
Method: A Farrington algorithm uses a rolling window (typically weekly or monthly) to assess whether the

number of cases in that time period are significantly above the expected number derived from previous
comparable periods (e.g. weeks or months in the past years) (Farrington et al., 1996). The algorithm has been
used to produce ‘alarms’ or signals whenever the number of cases in a week/ month exceeds that expected so
that these anomalies can be investigated. These alarms should instigate an appropriate manual evaluation as
detailed in Vial and Berezowski, 2015 (https://www.ncbi.nlm.nih.gov/pubmed/25475688) and described further
in chapter 4.

The algorithm has been modified a number of times (e.g. Noufaily et al., 2013) and can be set to select a
threshold value based on different distributions e.g. log-linear. Reference data selection can be optimised to
enable any seasonality and trends in the data to be incorporated and thus limit the number of false alarms. In
addition, the method incorporates an attempt to adjust for over-dispersion and for the occurrence of outbreaks
in the reference period. The algorithm typically requires stable historic data, typically three to five years, to use
as reference data. The Farrington algorithm has been used to monitor disease surveillance data by many
organisations (APHA, PHE, SSI etc, see for instance Hulth et al., 2010). The algorithm is available through the
‘Surveillance’ package for the R statistics platform (https://cran.r-
project.org/web/packages/surveillance/index.html).
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FIGURE 3.4: EXAMPLE OF FARRINGTON ANALYSIS RESULTS PLOTTED IN A GRAPH FOR MONTHLY DISEASE
INCIDENCE DATA.
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FIGURE 3.5: EXAMPLE OF THE APPLICATION OF THE FARRINGTON METHOD IN ROUTINE NATIONAL
SURVEILLANCE OF SALMONELLA SEROTYPE DATA, DENMARK. IN THE EXAMPLE SHOWN, WEEKLY ANALYSES OF
AN ENTIRE YEAR IS COMPILED; AN OUTBREAK WITH SALMONELLA TYPHIMURIUM WAS DETECTED USING
REGIONAL ANALYSIS (ETHELBERG ET AL 2006).

Pros: Simple, fast analysis that accounts for seasonality. These analyses have been shown to have high detection
sensitivity in simulations (0.76-1.00, Arnold et al., unpublished data).

Cons: Benefits from a consistent historical dataset to compare against, which may be unlikely at present. In
scenarios when the number of cases per month is small, then experience shows that when there are less than
five cases following a period of zero cases then alarms can be ignored as alarms can be triggered with just a
single case as the algorithm predicts zero cases as the threshold. Due to this, the method may not be useful for
rare events. Detection sensitivity and time to detection have been shown in simulations to vary according to
length and size of outbreaks.

Expected suitability for use with WGS data: One foreseeable problem is that this method assumes a stable
surveillance system exists which have given rise to a comparable historical data, whereas currently in most
organisations WGS is used inconsistently, to identify rare or unusual cases or during known outbreaks.
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3.2.2 Bayes temporal cluster detection
Method: It is assumed that the data follow a negative binomial distribution, with parameters based on previous

case numbers. The threshold value at which an outbreak alert is triggered is set according to a user-specified
percentile i.e. an alert is triggered if the probability of observing the data is less than the user-specified value.
Bayes can be implemented through the R package ‘Surveillance’ (https://cran.r-
project.org/web/packages/surveillance/index.html). In comparisons of outbreak detection performance when

applied to simulated data, the Bayes algorithm produced the highest sensitivity and shortest time to detection in
outbreak simulations (APHA unpublished data), although there was only a small difference between the Bayes
and Farrington algorithms.

Pros: Has been shown to have comparable sensitivity to Farrington in previous comparisons (Arnold et al.,
unpublished data).

Cons: Will have similar data requirements to the Farrington algorithm. Much less widely used than the
Farrington, so less evidence available of satisfactory performance.

Expected suitability for use with WGS data: As detailed under the Farrington method, the sensitivity of this
method may suffer due to the lack of a stable and consistent historical dataset.

3.3 Statistical process control

3.3.1 CUSUM (CUmulative SUMs) temporal cluster detection
Method: This conceptually simple method assesses the sequential cumulative sum of the deviation between a

reference value and observed values. An alarm is raised if the cumulative sum equals or exceeds a pre-specified
boundary (such as a higher than expected number of cases), which can be a single atypical observation or
repeated exceedances (O’Farrell, 2015). In typical process control environments, CUSUM would be used to
detect both positive and negative exceedance of the boundary (e.g. products that are too big and too small),
whereas in disease surveillance we are only interested in positive exceedance.

Examples of its use in the veterinary field include assessment of daily egg production (Mertens, 2009) or
lameness in cattle based on weight at milking (Pastell and Madsen, 2008), whereas it has been used in a variety
of public health applications to monitor disease surveillance data (Woodall, 2006). CUSUM is available through
the ‘gcc’ package for the R statistics platform (https://cran.r-project.org/web/packages/gcc/qcc.pdf).

|Page |17 COMPARE Deliverable



COllaborative Management Platform for detection and Analyses
of (Re-) emerging and foodborne outbreaks in Europe

Salmonella Dublin in Cattle
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FIGURE 3.6: EXAMPLE OUTPUT OF CUSUM USE, APPLIED TO BRITISH SALMONELLA DUBLIN DATA
(O’FARRELL, 2015).

Pros: The algorithm does not rely on large amounts of historical data for threshold prediction.

Cons: An issue with the use of CUSUM to monitor biological data is that typically the outcome is somewhat
subjective, and not as rigidly standardised as in a statistical process control environment, which could affect the
sensitivity of the algorithm.

Expected suitability for use with WGS data: As for most disease monitoring systems, WGS has not been used for
a relatively large number of years, CUSUM benefits from not needing a large amount of historical data to detect
temporal anomalies. However, CUSUM may have problems accounting for seasonal variation that is likely to be
present for many pathogens.

3.4 Summary

The five typical anomaly detection algorithms discussed here could be used for spatial or temporal outbreak
detection of sequenced isolates. However, a number of specific issues have been identified, specifically those
related to the non-standard application of sequencing and lack of a stable, historical dataset to which current
results could be compared to. The remaining chapters discuss which genetically similar subtypes could be used
as outcomes in these analyses and which algorithms would be most suitable for sequenced isolates. This chapter
was also delivered as Milestone 16.
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4. Methods for outbreak verification and source identification

The World Health Organization (WHO) defines a foodborne outbreak as either the occurrence of an increased
number of cases of disease than what would normally be expected in a defined community, geographical area or
season, or the occurrence of two or more cases of a similar foodborne disease resulting from the ingestion of a
common food (WHO 2008). The following will describe the steps for the management of an outbreak of
infectious diseases in humans in order to verify the outbreak and identify the source or vehicle. This is, however,
not an outbreak management manual®. The aim is to illustrate the level of work and collaboration that takes
place in such a situation and that the algorithm shown in Figure 1.3 (Chapter 1) should always be seen in relation
to the pathogen, its characteristics, transmission routes and epidemiology.

4.1 Human food- or waterborne outbreaks

A total of 4,362 food- and waterborne outbreaks involving 45,874 human cases were reported from 26 EU
member states in 2015. A strong link between human cases and vehicles was found in 422 foodborne outbreaks
(EFSA and ECDC 2016). Different microbiological and epidemiological methods can be applied in order to identify
a link between an outbreak and its source.

An outbreak or outbreak signal can be detected using several surveillance methods. One method is a cluster
detection algorithm applied to laboratory data, as described above. An outbreak can also be identified by a
defined signal threshold or by mandatory notifications to public- or veterinary health authorities by doctors or
notifications from citizens. Once an outbreak or outbreak signal is detected further laboratory typing and
epidemiological investigations can be initiated. The aim is to verify if the genetic cluster/outbreak signal is an
outbreak or not, to define which patients can be included as cases in the outbreak and if they are possible,
probable, or confirmed cases. Cases are defined using a time, place and person description. The case definition is
key to generating a hypothesis and identifying the source but is, however, adjustable according to the
development of the outbreak or as additional information arises (CDC 2011, Heymann 2008) e.g. change of the
geographical area or inclusion of more strains as occasionally seen (Gillesberg Lassen et al 2013).

Once a case definition is made, active case finding can be initiated and cases can be described epidemiologically,
as a minimum by time, place and person. Active case finding can, for example, be conducted by identifying if the
outbreak strain has been seen in other geographical areas or by use of questionnaires asking cases if cases know
more people with the same symptoms or describing symptoms in order to detect cases that have not been
assessed by a doctor (US CDC 2011, Heymann 2008). Having comparable typing information across laboratories
is generally a necessity for this process leading to hypothesis generation for source identification.

Generating and testing a hypothesis on possible outbreak source(s) can be done by applying laboratory and
epidemiological methods. It is preferable to apply both concurrently. The current outbreak strain can be
compared after typing with previous outbreak strains with a known source or with strains derived from food

2 For outbreak management manuals we can refer to CIFOR “Guidelines for Foodborne Disease Outbreak Response —
toolkit”, WHO “Foodborne disease outbreaks: guidelines for investigation and control” from 2008, US CDC “Self-Study
Course SS1978 Principles of Epidemiology in Public Health Practice, Third Edition An Introduction to Applied
Epidemiology and Biostatistics” from 2006 and updated in 2011 or national toolkits available in individual countries.
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isolates but with no genetic match. Epidemiologically, hypothesis generation can be derived from the descriptive
epidemiology of cases and by case interviews (US CDC 2011).

The hypothesis can also be tested using both laboratory and epidemiological methods. A strong link between a
source or vehicle and human cases is found when either a food or environmental isolate and a human isolate
match or an analytical epidemiological study, such as a retrospective cohort study, a case-control study or case-
case study, can show a statistically significant higher risk of disease for people exposed to the source or vehicle.
It is preferable to have the laboratory, environmental and the epidemiological link between exposure and illness
(US CDC 2011).

4.2 Methods to detect and delineate a genetic cluster

As described in Chapter 2, the initial analysis of WGS-data for use in cluster detection algorithms should focus on
the grouping of isolates, e.g. for bacterial ilinesses at the level of 7-locus MLST. For further analysis of the
possible epidemiological links between patients and between patients and suspected sources, a higher
resolution is needed. At present, two different main approaches, SNP and gene-by-gene analyses, are in use as
described below.

4.2.1 Single Nucleotide Polymorphisms (SNP) analysis
Single Nucleotide Polymorphisms (SNP) are nucleotide variants in a specific isolate called against a chosen

reference genome. In the analysis of a larger dataset, i.e. a collection of strains from a suspected outbreak, all
the positions shared between the strains and the reference are analysed for SNPs to the chosen reference. This
is a core genome SNP analysis and this kind of phylogenetic analysis is considered one of the most accurate
phylogenetic analyses. However, the SNP analysis has the drawback that any genomic feature not present in the
chosen reference will not be analysed even if it is present in the remaining population of suspected outbreak
strains. Furthermore, the core genome and SNP dataset has to be re-calculated for each addition of a new strain
as the core genome might change when new strains are added to the analysis. Additionally, this new calculation
can then again change the already determined distance between genomes.

The core genome SNPs are then used for phylogenetic analysis and grouping of the strains in smaller clusters
determined by the branches in the tree. The detection of a genetic cluster and the delimitation of the cluster is
now possible. The method of calculating SNPs and trees can be somewhat time-consuming if the hardware of
the calculating computers is not powerful enough. In addition, the possibilities to compare the results of these
analyses between laboratories are not straightforward as e.g. a nomenclature of such analyses are not
immediately obtained. Public Health England has attempted to overcome this drawback of SNP analysis by
introducing “SNP addresses” (see Box 2.1, Chapter 2).

4.2.2 Gene-by-gene analysis (MLST, cgMLST, wgMLST)

The gene-by-gene approach is a reference-free method that determines any number of present loci and the
sequence of these. In original MLST, it is often 7 loci that are detected, whereas in the whole genome MLST
(wgMLST) several thousand loci, including those only present in some strains, are included in the analysis
(Maiden et al., 2014). Core genome MLST (cgMLST) aims at including only the loci that are expected to be
present in almost all strains of a certain species. For many organisms, a cgMLST scheme has been developed, e.g.
for Listeria monocytogenes (Maura et al, 2016) and Campylobacter jejuni/coli (Sheppard et al, 2012). The level of
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discrimination differs greatly between MLST and cg/wgMLST. However, all methods are suitable for determining
groups of relatedness within a strain population, with the latter two having much more discriminatory power.

The gene-by-gene approach of analysing a population are more suited for a nomenclature scheme as every locus
is assigned a number, and then it is merely a text string of numbers that needs to be exchanged between
laboratories to determine if strains are genetically closely related. The format of the gene-by-gene approach also
means that once the alleles has been called, the comparison of cg/wgMLST of hundreds of strains is quite fast
and genetic clusters are very easily and quickly re-calculated on a daily basis to determine if new cases or
suspected sources are part of the detected cluster.

To allow for a ‘global’ nomenclature, the gene-by-gene approach demands a public, curated and maintained
database that everyone can use for the allele calling. Many such databases already exists for foodborne bacteria
(http://bigsdb.pasteur.fr/listeria/listeria.html; http://pubmist.org/campylobacter;

https://enterobase.warwick.ac.uk), and there seems now to be consensus among the public health institutes

organised in PulseNet International that the allele-based analysis is the way forward for public health (Nadon et
al, 2017).
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5. CASE: Use of WGS in surveillance and outbreak
management of human listeriosis

The introduction of new typing methods such as prospectively used WGS for routine surveillance of pathogens
can bring with it a number of advantages but may also raise new questions and challenge previously defined
concepts. The surveillance of Listeria monocytogenes (Lm) in food and invasive infections in humans has been
one of the central starting points for applying WGS and getting experiences using WGS in routine national
surveillance. The prospective application of WGS for national surveillance of listeriosis has been described for
countries such as USA, Australia and Denmark (Jackson et al 2016, Kwon et al 2016, Kvistholm Jensen et al
20164, Gillesberg Lassen et al 2016). The following will describe the application of WGS as part of an enhanced
listeriosis surveillance programme in Denmark and highlight key lessons learned.

5.1 Enhanced surveillance of listeriosis in Denmark

In Denmark, listeriosis is a laboratory notifiable disease and all isolates from the local clinical microbiological
departments are sent to the national reference laboratory at Statens Serum Institut for typing. In addition,
listeriosis is epidemiologically notifiable when causing meningitis or seen to be a foodborne infection (BEK nr
277). In September 2013, real-time WGS replaced PFGE as first-choice typing method in the national surveillance
of human Lm isolates. All patients, since January 2014 have been followed up clinically upon notification and
when possible interviewed with a questionnaire on risk factors such as travel and food consumption history. In
June 2014, real-time WGS comparison of human isolates with food isolates taken from national surveillance or in
outbreak situations began in collaboration with the Danish Veterinary and Food Administration and the Danish
National Food Institute (Kvistholm Jensen 20164, Gillesberg Lassen 2016).

Epidemiological follow-up of patients and multi-agency collaboration, integrating laboratory and epidemiological
surveillance on both human and veterinarian side is also described for Australia and USA (Kwong et al, 2016;
Jackson et al, 2016). This aspect necessary for the comparison of human and food isolates in real-time and to
confirm laboratory links epidemiologically or confirm epidemiological links with laboratory testing.

5.2 Outbreak management

In Denmark in 2005-2013, prior to the introduction of WGS in routine surveillance, three confirmed and four
non-confirmed outbreaks of listeriosis were registered in the Danish national database of Food- and Waterborne
Outbreaks (FUD). One of these outbreaks had a known source (Smith et al 2010). A retrospective analysis of
trends in listeriosis in Denmark in 2002-2012, using PFGE and partly MLST identified 29 clusters, when a cluster
was defined as at least three patients with indistinguishable pulsotypes within 14 weeks. Four of the 29 clusters
were only identified once in the period. One of these was the identified outbreak with known source (Kvistholm
Jensen et al 2016b). Since 2014, nine confirmed outbreaks have been registered in the FUD-database with four
having a known source. The food sources were found using both epidemiological linking and a laboratory WGS-
link between food/environmental isolates and human isolates. In addition, it has been possible in some
situations to link a single case to a specific food source (i.e., solve an ‘outbreak’ consisting of one case only). The
first outbreak registered after the initiation of the enhanced surveillance of listeriosis was detected in June 2014.
This is to date the largest outbreak of listeriosis in Denmark and the largest in Europe for many years, comprising
41 cases and 17 deaths. Cases were confined by <3 SNP difference (Kvistholm Jensen 2016a), while one occuring
patient with an isolate with the same ST (ST224) but 60 SNPs difference was defined as a non-case. By use of
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WGS the outbreak was traced to and proven to stem from a single production plant making a pork based cold-
cut product and subsequently retracted from 6000 down-stream businesses, following which the outbreak
stopped. This WGS-success was follow by the identification of two additional outbreaks, where cases were
defined by <5 SNPs difference, both linked to consumption of smoked fish. Two cases within one month was
only seen twice in the three years these two relatively small outbreaks with 10 cases each (and 8 deaths)
occurred (Gillesberg Lassen 2016). These two outbreaks would very likely not have been identified using
previous typing methods, and even if they had been so, not all cases would have been interviewed in due time.
These outbreaks were also largely solved by performing inspections and taking samples for testing at the two
fish production plants and finding WGS matching Lm isolates, including in the production environments. Without
the stringency of WGS (rather than for instance PFGE), a food source link would not have been established with
sufficient strength for the Danish authorities to act on. These three outbreaks have been described in scientific
journals with a focus on the benefits of using WGS for outbreak investigations within the Compare project
(Compare is acknowledged in both papers) (Kvistholm Jensen 2016a, Gillesberg Lassen et al 2016).

5.3 An outbreak or a genetic cluster?

For Lm, a pathogen that can survive in the environment and has a long incubation time (Heymann 2008), the use
of WGS has enabled countries to identify prolonged outbreaks and their sources. The previously described three
outbreaks in Denmark and the experiences from USA and Australia illustrate this (Jackson et al 2016, Kwon et al
2016, Kvistholm Jensen et al 20164, Gillesberg Lassen et al 2016). The practical application of the outbreak
definition by WHO (WHO 2008) (see Chapter 4) may therefore be challenged when WGS is applied as typing
method in routine surveillance. However, this will depend on the pathogen, source and vehicle.

One question that arises when applying the WHO outbreak definition using WGA in surveillance of foodborne
pathogens is: when can we say that two patients are most likely to have the same source of infection? When do
we have a genetic cluster? In Denmark, it has been decided not to set an absolute SNP threshold for defining a
genetic cluster. Instead, genetic clusters are defined using phylogenetic comparisons with historical strains. This
is in line with one of the advantages of using real-time WGS for surveillance described by Kwong et al (2016);
that applying real-time WGS in surveillance provides an overall sense of the genetic diversity of local strains and
thus the background material for making phylogenetic comparisons.

A second practical question that rises when applying the WHO outbreak definition when using WGS in routine
surveillance is: when does a genetic cluster constitute an outbreak? Investigating each genetic cluster as an
outbreak may simply not be feasible. Experience of when a genetic cluster is or can develop into an outbreak is
therefore important in order to set a threshold for when to trigger a signal to the epidemiologists that there is a
genetic cluster and possible outbreak. In Denmark, based on a descriptive analysis on genetic clusters with two
or more listeriosis patients form 2013-2015 (data not shown) as well as the incubation time and shelf life of
known sources of listeriosis outbreaks, it was decided to look at a genetic cluster epidemiologically when

e Two patients diagnosed with invasive Lm had laboratory date within 12 weeks AND clustering on WGS
OR

e Three patients diagnosed with invasive Lm clustering on WGS
OR

e Afood isolate clusters on WGS with one or more patient isolates.
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Applying this algorithm in Denmark since 2015, we have identified eight confirmed outbreaks, six genetic
clusters where epidemiological follow-up is conducted and two genetic clusters of two patients where no
epidemiological follow-up has been conducted. An additional 11 genetic clusters of 2-3 patients have been
identified prior to the threshold being defined (Figure 5.1). An additional five signals following the identification
of Lm in food isolates were also followed up epidemiologically. A single human case was identified for one of
these signals.
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FIGURE 5.1: NUMBER OF LISTERIOSE CASES BY CASE-TYPE, DENMARK, JANUARY 2013- MAY 2017 (N=248)

Based on the experience acquired in the USA, Jackson et al (2016) summarise six key ways in which the
application of real-time WGS in national surveillance has improved outbreak investigations and give examples of
each. These correspond well to the experiences seen in Denmark and described above. The six key points were
that WGS could:

e Delineate clusters with diverse PFGE patterns

e Determine the source of “cold cases”

e Demonstrate that certain PFGE-defined clusters did not consist of highly related isolates
e Refine outbreak case definitions

e Link sporadic illnesses to contaminated food

e Confirm outbreaks following product testing.

5.4 Public health implications

In Denmark, the introduction of enhanced surveillance including WGS, and the identification of outbreaks and
their sources, have resulted in a higher awareness of listeriosis and more information for public health agencies
to act on. The national recommendations for risk groups have been updated based on a risk assessment where
identified outbreak sources, consumption and risk behaviour has been taken into account (Fedevarestyrelsen
2016). The Danish Veterinary and Food Administration initiated a series of campaigns aiming at food production
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companies producing products with risk of containing listeria, e.g. producers of smoked fish products in 2015
and 2017 and kitchens and producers of ready-to-eat food in 2016. This has led to a standardised testing scheme
for and intensified dialogue with food producers and kitchens producing food for high-risk groups (e.g. hospital
kitchens). It is too soon to evaluate the impact of the new initiatives; however, the number of listeriosis patients
was below 45 per year in 2015 and 2016, which has otherwise not happened since 2005.
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6. CASE: Outbreak detection methods for Salmonella in Ducks

This veterinary science example relates to the detection of outbreaks of Salmonella in ducks in the UK. It
illustrates use of several of the methods described in Chapter 3.

6.1 Aim

This pilot study was completed to assess outbreak detection methods to determine the usefulness of these
methods for genome sequenced data.

6.2 Dataset context

Salmonella outbreaks which started in 2010 in Great Britain, Northern Ireland and the Republic of Ireland were
linked to a specific phage type of S. Typhimurium (DT8), which is associated with ducks. Whole Genome
Sequencing (WGS) and Multi-locus variable-number tandem repeat analysis (MLVA) was carried out on 295 S.
Typhimurium strains from a collection of duck, human and other species’ isolates from Great Britain, Northern
Ireland, Republic of Ireland, France and Italy. The strains were collected between 1993 and 2013 and included
those associated with the 2010 outbreak as well as a stratified random selection of other isolates to provide a
representative selection in each calendar year. The MLVA and WGS work identified a group of closely related
strains (hereafter referred to as the outbreak clade), which included mainly DT8 and DT30 isolates that emerged
in association with the 2010 outbreaks.

6.3 Material and Methods

From the full dataset of sequenced isolates, only 142 duck isolates with a UK origin were selected. Post codes
were matched to this file from farm information held at APHA and these were converted to x and y coordinates
from a total of 111 isolates with relevant information.

The SatScan scan statistic (Kulldorff and Nagarwalla, 1995; Kulldorff, 1997) locates the sites of the most likely
clusters that are not randomly distributed. The test compares the relative risk of being a case within an area in
comparison with the risk outside of the area. Clusters of cases are identified when the relative risk is above that
expected and the cluster has the maximum likelihood of representing the study population. A main cluster is
identified with the highest relative risk and secondary clusters are detected that do not overlap the main cluster.
The test applied here used a space-time permutation model, which uses only the observed cases to detect
spatio-temporal clusters. As applied as standard, a maximum size for a detected cluster was set as 50% of the
studied population. To evaluate the scan statistics performance in ‘real time’, SaTScan was applied prospectively
to the data for the outbreak clade outcome, starting with using data only from the first year in the dataset and
increasing by one year for each analysis. Due to time constraints, the analysis did not include individual yearly
assessments before 2005.

A Farrington algorithm was used, with a ‘rolling window’ used so as when each year of data was entered into the
analysis it was added to the reference dataset for the following year. A monthly approach (current month, plus
one month either side of the current month) was used for selecting reference data from previous years. If there
were less than five cases following a period of zero cases then alarms generated were ignored that were based
on a single case due to issues with generating an expected value within the analysis. The analysis started in year
1996 as the algorithm required a full three year ‘run in’ with reference data.
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The Sparr (SPAtial Relative Risk) package provides functions to estimate fixed and adaptive kernel-smoothed
relative risk surfaces via the density-ratio method and perform subsequent inference. Cases were defined as
those within the outbreak clade and those remaining were controls. The analysis was used to plot smoothed risk
values as a heart map along with P value contours onto the study region. In order to compare the risk values
with the output of SaTScan a prospective analysis was run, starting with samples from 1993 to 1996 and adding
each subsequent year to the Sparr analysis. For the analysis described in this report, R statistical package version
3.1.1. was used with the following packages: ggplot2, Rcpp, sp, rgeos, rgdal, sparr, maptools, raster, plyr and
tidyr.

6.4 Results

Table 6.1 summarises the detection of significant spatial, temporal or spatio-temporal clusters for each rolling
year of data. Significant (P<0.05) clusters from the SaTScan analysis were detected when running the model for
2010, 2011 and 2012. However, the clusters did not contain many farms; in fact, the primary cluster for 2010
only contained a single farm, which had seven cases between 2008 and 2010. The 2011 primary cluster included
6 cases, all from 2011, whereas the 2012 cluster included 5 cases from 2011 and 2012. Interestingly both the
SaTScan and Farrington analyses agreed on the 2010-2012 outbreak periods, with the Farrington method also
producing an alarm in mid 2009 before the 2010 known outbreak. The Farrington analysis also produced some
earlier alarms (2003 and 2006) which appeared to be unrelated to the known outbreak. The Sparr analysis
detected significant hotspots of risk in all but one year, which differed greatly in terms of size, from small
clusters around a single point location to widespread increased risk including most of England, Wales and
Scotland.

TABLE 6.1: SUMMARY OF RESULTS FROM THREE CLUSTER DETECTION METHODS APPLIED PROSPECTIVELY
FROM 1996 TO 2013. DETECTION OF A SIGNIFICANT CLUSTER IS INDICATED BY Y.

Time period
assessed SaTScan Farrington Sparr NA: Not attempted

1993-1996 NA N v Y:Yes
1993-1997 NA N v N:No
1993-1998 NA N Y

1993-1999 NA N Y

1993-2000 NA N Y

1993-2001 NA N Y

1993-2002 NA N Y

1993-2003 NA Y Y

1993-2004 NA N Y

1993-2005 N N N

1993-2006 N Y Y

1993-2007 N N Y

1993-2008 N N Y

1993-2009 N Y Y

1993-2010 Y Y Y

1993-2011 Y Y Y

1993-2012 Y Y Y

1993-2013 N N Y
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6.5 Discussion
The study has tested the use of three different cluster detection methods (Sparr, SaTScan and Farrington

algorithm). The methods differed greatly, with Farrington applying a monthly assessment of temporal clusters,
whereas Sparr and SaTScan applied spatio-temporal methods and so were limited to only a reduced dataset that
could be linked to geographical coordinates. Both spatial methods were run yearly, with the Sparr method
detecting hotspots of significant risk for the selected time period, whereas the SaTScan method detected the
most likely cluster in both space and time. Both spatio-temporal methods utilised a binary outcome of whether
sequenced isolates belonged to the outbreak clade, with all other isolates defined as controls, whereas the
Farrington analysis only used counts of cases without a denominator.

The epidemiologically known outbreak in 2010 was successfully detected by all three methods, with clusters
being detected in 2010, 2011 and 2012 from samples from holdings associated with the outbreak. However,
other clusters were detected by the Farrington algorithm in earlier years and also detected regularly by the Sparr
methods. These results may indicate over-sensitivity in the method. However, due to the historical nature of the
dataset and lack of epidemiological information, it cannot be discounted that some of these clusters were real
outbreaks. The methods are generally used to produce alerts for potential outbreaks, which require further
investigation to confirm. The Sparr analysis should have benefited from a method that uses an adaptive
bandwidth, so that higher levels of detection intensity can be used in data rich areas and lower intensities used
in sparse areas. It would appear that the method detected a significant high risk area in the dataset from 1993-
1996 which was generally detected in subsequent years. The identification of spatial risk in historical data may
not be useful for surveillance and so it would be preferable to limit Sparr analyses to data only from years of
current interest.

The relative risks for the most-likely clusters in SaTScan were quite high and the numbers of cases quite low,
which provides an example of the effect of the relatively small sequenced dataset and small number of cases. As
detailed by Muellner et al (2016) “if observations become too few, the epidemiological analysis of the data
generated can become very difficult, which impacts negatively on the ability to detect disease trends” and this
has to be weighed against the additional discriminatory power that sequencing provides in ensuring cases
related to an outbreak are correctly defined (Hofler, 2005; Petersen et al., 2011).
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7. Source attribution

Source attribution is defined as the partitioning of the human disease burden of one or more foodborne
infections to specific sources, where the term source includes animal reservoirs and vehicles, e.g. food products
(Pires et al., 2009). In contrast to the investigation of foodborne outbreaks, where the focus is on identifying the
single (food) source causing the outbreak, source attribution works at higher population level trying to associate
all human cases, including sporadic cases, of a particular foodborne pathogen with specific sources. Quantifying
the most important food sources and animal reservoirs enables a targeted control of the foodborne pathogen
and provides support for risk managers for their allocation of resources to control the disease. Source attribution
is therefore regarded as an important decision-support tool in prioritizing effective food safety interventions
(Havelaar et al., 2007).

There exist several approaches for conducting source attribution, including microbial subtyping (e.g. de Knegt et
al, 2016), comparative exposure assessment (e.g. Pintar et al., 2016), meta-analysis of case-control studies (e.g.
Domigues et al., 2012), summarization of outbreak data (e.g. Pires et al., 2012), intervention studies (e.g. Tustin
et al., 2011) and structured expert judgement (e.g. Hald et al., 2016). All methods present strengths and
limitations, and the applicability and usefulness of each depend on the question addressed, data availability,
pathogen characteristics, and the type of intervention aimed for (Batz et al., 2005; Pires, 2013). In this chapter,
we will focus on the use of microbial subtyping including the application of WGS data for source attribution of
food-borne hazards.

7.1 Microbial subtyping

Microbial subtyping involves the characterisation of pathogen isolates by phenotypic and/or genotypic subtyping
methods. The principle is to compare the distribution of subtypes in potential sources (e.g. animals and food)
with the subtype distribution in humans. The approach is facilitated by the identification of strong associations
between some of the dominant subtypes and specific reservoirs, providing a heterogeneous distribution of
subtypes among the sources (Pires et al, 2009; Hald & Pires, 2011).

For many years, subtyping of food-borne bacteria has relied on phenotypic methods such as biotyping,
serotyping or phage typing (bacteriophage susceptibility). For certain food-borne pathogens, phenotyping has
enabled the identification of the main reservoirs for human infections (e.g. S. Enteritidis in poultry, E. coli 0157
in ruminants, and Y. enterocolitica O:3 in pigs). Although, these methods are still valid, they are increasingly
being replaced by or supplemented with molecular methods based on the characterisation of bacterial DNA
(EFSA BIOHAZ Panel, 2013).

The most commonly applied molecular methods generate banding patterns (e.g. PFGE, AFLP), characterise
variations at predefined loci (e.g. MLVA, MLST) or are based on whole genome sequences (e.g. wgMLST, SNP).
Often these methods have been developed specifically to characterize very closely related isolates (e.g. SNP
analysis in outbreak investigations) or, in contrast, to compare very distantly related isolates (e.g. MLST in
evolutionary studies) (Barco et al., 2013). The former methods normally investigate fast-evolving genes, whereas
the latter methods target the conserved and slowly evolving core genes.

For source attribution studies, the appropriate level of discrimination typically lies somewhere in between these
two applications and will differ between pathogens depending among others on clonality (Son et al., 2013). This
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is because surveillance systems only rarely are sufficiently fine-meshed to let us identify direct links between
sporadic human cases and the responsible sources. We, therefore, need a process that allows for some genetic
diversity between strains from human and food sources, but only to the degree so that it can still be assumed
that they are epidemiologically related.

As mention above the microbial subtyping approach works best for pathogens that are heterogeneously
distributed among the reservoirs, i.e. it should be possible to identify some host-associated subtypes. This also
means that human cases are attributed to the reservoir level, whereas the actual transmission route through
which humans are finally exposed is not revealed. As an example, cattle are the main reservoir for S. Dublin, but
the relative importance of different pathways within this reservoir (e.g. dairy products, beef or direct contact)
cannot be estimated based only on subtyping.

In addition to the application of discriminatory typing methods, the microbial subtyping approach requires a
collection of temporally and spatially related isolates, preferably collected through integrated surveillance, so
that the source data represent what the human population of interest has been exposed to (Pires et al., 2009;
Hald & Pires, 2011). However, due to lack of such representative data some studies have used surrogate data,
including data from different geographic regions and/or time periods, whereas other studies have simply not
considered the relative occurrence of specific subtypes or sources that are otherwise known to play an
important role (e.g. Mather et al., 2013). This may seriously bias the attribution results (Smid et al., 2013). So
besides appreciating the population diversity and structure of the pathogen in question, the data and results
should always be interpreted in the correct epidemiological context. This means that additional information
relating to the data, such as time of sampling and origin of the sample is of paramount importance in order to
draw conclusions and interpret the attribution results (EFSA Biohaz Panel, 2013).

7.2 Types of models
The most commonly used source attribution models employing subtyping data can be divided into frequency-
matching models and population genetic models.

7.2.1 Frequency-matching models
Frequency-matching models compare distributions of pathogen subtypes between human and source isolates

through mathematical models that can infer probabilistically the most likely sources of the human infections,
assuming a unidirectional transmission pathway from sources to humans (Mughini-Gras et al., 2017). These
models typically also incorporate epidemiological data on the human cases (e.g. travel history), and data on
prevalence, food consumption, import-export flows, etc. as to better inform the attributions (de Knegt et al.,
2015).

Based on years of surveillance data, it is clear, that within the same pathogen species, subtypes differ in their
ability to cause disease in humans, often leading to different levels of severity (Pires and Hald, 2010; EFSA Panel
on Biological Hazards, 2012). In addition, the various sources may have different impact in the human population
making it difficult to identify a linear relationship between the occurrence (prevalence) of a particular subtype in
various sources and the occurrence of reported human cases (Hald et al., 2004). Models based on frequency
matching should therefore be able to account for variations between pathogen subtypes and sources.

Using data from the integrated Danish Salmonella surveillance program, a stochastic Bayesian model was
developed to quantify the contribution of each of the major food animal sources to human Salmonella infections
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(Hald et al., 2004; Hald et al., 2007; Pires and Hald, 2010; de Knegt et al., 2016). This model attributes
domestically acquired laboratory-confirmed human Salmonella infections caused by different Salmonella
subtypes as a function of the prevalence of these subtypes in animal and food sources and the amount of each
food source available for consumption. The model compares impact across subtypes and is, through the
Bayesian approach, able to estimate the relative impact of Salmonella subtypes and the included sources (Pires
& Hald, 2010). However, these ‘impact parameters’ are difficult to interpret and can best be described as
multiplication factors that help the model to arrive at the most likely solution given the observed data (Hald et
al., 2004; David et al., 2012; de Knegt et al., 2016).

The Danish model has been adapted to attribute human salmonellosis in other EU countries (Pires et al., 2008;
Wahlstrom et al., 2010; Valkenburgh et al., 2007; David et al., 2013), in EU as a whole (de Knegt et al., 2015), in
the United States (Guo et al., 2011), New Zealand (Mullner et al., 2009), and Japan (Toyofuku et al., 2011), as
well as for attribution of other food-borne pathogens e.g. L. monocytogenes (Little et al., 2010) and
Campylobacter (Mullner et al., 2009; Boysen et al., 2013).

Frequency-matched models can employ both phenotypic and genotypic data. In fact, subtypes can be defined
through any combination of phenotypic and/or genotypic data. Models developed for Salmonella have primarily
used phenotypic data (serotyping, phage typing and antimicrobial susceptibility testing), but also the usefulness
of MLVA-typing has been investigated. In a recent paper by de Knegt et al. (2016), adjustment of the
discriminatory level of the MLVA typing for Salmonella source attribution was applied and discussed. Molecular
methods have also been applied for Campylobacter (MLST) (Mullner et al., 2009; Boysen et al., 2013), whereas
for Listeria monocytogenes a combination of phenotyping (serotyping) and molecular typing (AFLP) was used
(Little et al., 2010). Overall, however, the value of applying WGS data in frequency-based source attribution
models still needs to be explored.

7.2.2. Population genetic models
Driven by the latest years of development in high-throughput DNA sequencing techniques, a whole new set of

tools have emerged. Common for them all, are that they compare pathogen strains from different sources by
investigating how closely they are related and how they may have evolved from each other (EFSA Biohaz Panel,
2013). Some of these methods directly provide attribution estimates, where a number or proportion of human
cases is attributed to specific source. Among these are the Bayesian clustering algorithm STRUCTURE (Pritchard
et al., 2000) and the Asymmetric Island Model (AIM) (Wilson et al., 2008), both developed for MLST data. Other
methods are based on clustering techniques that visualise the relatedness of bacterial strains using graphical
representation e.g. the Minimum Spanning Trees (Feil et al., 2004; Spratt et al., 2004). Although visualisation
tools do not provide attribution estimates, they do give an insight into the population structure of a pathogen
and can support the conclusions drawn from the mathematical models.

Several studies show the value of source attribution based on molecular subtyping methods using probabilistic
population genetics models such as STRUCTURE and the AIM. For Campylobacter for instance, it has been
possible to identify some degree of host association between certain sequence types (ST) and a particular host
reservoir despite the weakly clonal population structure of this pathogen (Dingle et al., 2001; McCarthy et al.,
2007), resulting in attribution estimates (Wilson et al., 2008; Sheppard et al., 2009; Strachan et al., 2009;
Mullner, 2009; Mughini-Gras et al., 2012; Boysen et al., 2013). The assumption is that the animal and
environmental reservoirs of Campylobacter are separate populations within which the bacteria evolve through
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mutation and horizontal gene transfer (recombination), and between which genes may flow (migrate). Based on
the estimated amount of mutation, recombination and migration, each human case is assigned probabilistically
to the source populations. From these individual probabilities, the total amount of human disease attributable
to each source is estimated. Most of the studies so far have been on Campylobacter, but Salmonella data using
MLVA typing have also recently been applied in the AIM (Mughini-Gras et al., 2014) and it is expected that the
methods also will be applicable to other zoonotic pathogens such as L. monocytogenes and STEC as whole-
genome sequencing become more widely used (EFSA Biohaz Panel, 2013).

7.3 Future attribution studies using WGS data and machine learning algorithms
With the high-throughput WGS techniques, a high level of standardisation and consequently meaningful
comparison of results between technologies is expected. The most significant advantage of WGS compared to
other methods is that the former results in a much higher data resolution. In fact, the application of WGS should
in theory be able to provide us with all we need to know about a certain bacterial strain. However, the large
number of variables in WGS datasets and the high data dimensionality challenges the currently available
methods. Specifically for source attribution, research should focus on ways to define meaningful subtypes (or
groups of features) that are able to distinguish between sources and can be used as input for the mathematical
attribution models. Such subtypes could include one or more of the housekeeping genes currently used for MLST
typing, but they could also be based on a whole new set of ‘host-associated’ genes/features identified from the
WGS data analysed using for instance wgMLST or k-mer.

Recently, machine learning algorithms (e.g. random forest, neural networks, Adaboost) have shown huge
potential for identifying relevant “features” in WGS data, thereby enabling the making of strong predictions
(Davis et al., 2016). The hypothesis is that a machine learning model can recognize particular features/instances
based on the strain sequences used as data inputs. For source attribution, it would be relevant to use supervised
learning, where sequences from strains of known origin (e.g. animals or food) are annotated as such. The
algorithm will then try to identify ‘host-associated’ features in order to predict the origin of the sequence. The
models typically use part of the whole dataset as a training dataset and another part for testing model accuracy,
as well as other performance measure such as positive and negative predictive power. This is followed by the
use of the algorithm itself to predict features in an unknown sample based only on the sequence i.e. for source
attribution to predict the source origin of strains isolated from humans. The random forest algorithm is
considered particularly suitable for WGS datasets that may include hundreds or thousands of relevant features,
but where each feature may contain only a small amount of information (Breiman, 2001; Davis et al., 2016).

Analysis of WGS data may also provide the information needed to quantify the difference between various
subtypes/strains with regard to causing human illness and thereby assist with the characterisation of
‘pathotypes’ (Brul et al., 2012). This has been emphasised for Shigatoxigenic E. Coli, where MLST combined with
the determination of virulence genes provides better insight than MLST alone into identifying source strains
significant for human disease (Hauser et al., 2013; Ji et al., 2010). Virulence genes are therefore considered
important to include in subtypes used for STEC risk assessment and source attribution. Hence, for both source
attribution and risk assessment, novel approaches that are able to consider both genetic and functional
relationship between strains would be very useful, especially if the functional traits relate to factors important
for human infections such as virulence, antimicrobial resistance and survivability (e.g. acid tolerance) (EFSA
Biohaz Panel, 2013). As part of COMPARE WP1, a random forest machine learning approach that uses WGS data
from pathogens/potential pathogens in food and returns an estimate of the resulting risk/health burden at the
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population level is currently being developed using L. monocytogenes as a case study (Njage et al., in prep.). If
successful, this approach could be of great value for both future microbial risk assessment and source
attribution.
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8. Conclusion

This document has presented analysis algorithms, related to methods and analysis strategies, associated with
WGS and relevant for disease surveillance and public health epidemiology. In many countries, routine
microbiological surveillance of foodborne diseases is undergoing profound changes in recent years as WGS is
being incorporated and therefore this whole area of work is developing rapidly. The use of WGS has already
provided breakthroughs for outbreak detection and investigations. An example hereof is the application within
listeria-epidemiology in Denmark (Chapter 5) which led to a number of outbreaks being found and solved in a
manner not possible before the introduction of WGS. Apart from being a valuable tool for outbreak
investigations, the public health application of WGS also promises to give a deeper insight into the epidemiology
of the diseases, including sporadic disease, as seen with the attempts to use the methodology for source
attribution (Chapter 7). Similarly, application within veterinary science for production-animal disease
surveillance will provide a better understanding of factors affection colonization and transmission routes. These
will all, hopefully, translate into development of areas of intervention or targeted programs, which will work to
reduce the number of foodborne infections.

Surveillance of foodborne disease will encompass an analysis of the data provided by the WGS methods, but also
of ‘classical’ epidemiological data, time-place-person data. These are sometimes in a WGS context referred to as
Metadata. Analysis methods useful for public health surveillance will therefore need to be able to handle both
types of data. Chapter 3 describes a series of relevant statistical cluster detection methods developed for use
with pre-WGS diagnostics and typing. They are developed to find temporal and geographical clusters and
generally rely on historical data from a stable surveillance system for comparison. It is clear that these methods
are still relevant in a WGS world, the central question still being if clusters exist in time and space. It is also clear
that the presented methods are challenged by the level of detail, which WGS provides, and in particular by the
lack of a stable historical baseline. More work to develop and calibrate these methods is therefore needed. The
integration of metadata and WGS data is also unresolved when it comes to sharing of data across borders.
Whereas the Compare project envisions a future where WGS data flow freely, this may not be possible with
metadata for reasons of patient confidentiality or economical concerns within the food and veterinary fields.
Therefore, analysis methods also need to consider this aspect. A proposed soon-to-begin cooperation between
Compare and ECDC concerning European WGS surveillance data of selected foodborne infections will help
resolve these matters. Also, to work with data, there will be a requirement for visualization tools, on-line
epidemiological ‘dashboards’ showing sequence information (possibly involving phylogenetic presentations)
combined with time-place-person data in an epidemiological relevant format. This aspect has not been treated
in this document, but is frequently mentioned as a need by epidemiologists.

In order to work with routinely generated WGS surveillance data in a public health context, the sequence data
will in general need to be digested and interpreted to reach an ‘entity’, so that a strain can be compared to other
strains (Chapters 2 and 4). A number of possibilities to do this exist (see example-boxes in Chapter 2) and the
choice hereof will depend on the specific surveillance situation. For the foodborne bacterial infections, public
health institutes are increasingly realising that a detailed comparison of sequence information of a large number
of strains is impractical and the focus is turning towards a uniform use of cg- or wg-MLST protocols (see Nadon
et al, 2017, referenced in Chapter 4). Among the benefits of such a strategy is that the method will be (at least
partly) generic for different organisms and that the MLSTs will produce a strain ‘name’ (an ST). This can be easily
communicated and it will be sufficient to do the (local/national) analysis using this name only. Moreover as the
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nomenclature is hierarchical, analyses can be performed at different levels of sensitivity and there is less need
for complex phylogenetic analyses.
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