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Whole-genome sequencing (WGS) is routine for surveil-
lance of Shiga toxin—producing Escherichia coli human
isolates in France. Protocols use EnteroBase hierarchical
clustering at <5 allelic differences (HC5) as screening for
cluster detection. We assessed current implementation af-
ter 5 years for 1,002 sequenced isolates. From genomic
distances of serotypes 026:H11, O157:H7, O80:H2, and
0103:H2, we determined statistical thresholds for cluster
determination and compared those with HC5 clusters.
Thresholds varied by serotype, 5—16 allelic distances and

higa toxin-producing Escherichia coli (STEC) are re-

sponsible for a spectrum of disease that ranges from
self-resolving diarrhea to bloody diarrhea and severe
complications, including hemolytic uremic syndrome
(HUS). STEC continues to be a public health risk, and
although infections are largely sporadic, STEC has
substantial outbreak potential (1-3). Therefore, sur-
veillance and outbreak detection remain public health
priorities (4). Advances in STEC detection and typing
methods over the past decade, including the expansion
of culture-independent diagnostic tests and whole-
genome sequencing (WGS), have affected diagnostic
approaches, expanded knowledge of pathogenicity,
informed source attribution, improved outbreak detec-
tion capacities, and guided surveillance protocols (5-9).
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15-20 single-nucleotide polymorphisms, showing limits of
a single-threshold approach. We confirmed validity of HC5
screening for 3 serotypes because statistical thresholds
had limited effect on isolate clustering (high sensitivity
and specificity). For O80:H2, results suggest that HC5 is
less reliable, and other approaches should be explored.
Public health officials should regularly assess WGS used
for Shiga toxin—producing E. coli surveillance to account
for serotype and genomic evolution and to interpret WGS-
linked isolates in light of epidemiologic data.

Advantages of implementing WGS for epi-
demiologic surveillance are widely documented.
WGS is the primary method of foodborne pathogen
surveillance and outbreak detection in numerous
countries in Europe and North America (5,10-12).
Diverse studies have confirmed superiority of WGS
for cluster determination, shown validation of
thresholds used for cluster detection in surveillance
protocols, and described WGS-linked isolates in
light of epidemiologic data (6,11,13-19). WGS im-
proves outbreak detection and investigation capac-
ity by providing more timely cluster detection and
discriminatory case definitions and detecting geo-
graphically and temporally diffuse clusters. Such
studies are essential for guiding the international
adoption of widespread use of WGS for disease
surveillance and outbreak detection. However, sur-
veillance systems and epidemiologic context differ
between countries, and multiple WGS approaches
are possible for isolate comparison (6,9,15,20).
Therefore, assessing the implementation of WGS
for epidemiologic surveillance specific to a given
pathogen and country is vital.
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WGS was implemented in France for STEC sur-
veillance in early 2017 (3). Surveillance uses the Entero-
Base (https:/ / enterobase.warwick.ac.uk) core-genome
multilocus sequence typing (cgMLST) hierarchical
clustering method (HierCC) for E. coli as an initial
screening step for cluster detection at <5 allelic differ-
ences (HC5) (21-23). HC5 clusters are confirmed by
core-genome single-nucleotide polymorphism (SNP)
tree analysis.

On the basis of 5 years (2018-2022) of retrospec-
tive data available from STEC surveillance, this study
aimed to assess implementation of WGS for cluster
detection protocols in France. The first objective was
to apply statistical approaches to pairwise allelic dis-
tance (AD) and SNP distance data to evaluate wheth-
er thresholds could be determined to define genomic
proximity. The second objective was to assess the
performance of those statistical thresholds compared
with HC5. Finally, we described genomic distance
data by considering HC5 and associated epidemio-
logic data.

Methods

STEC Surveillance and Cluster Detection in France
STEC surveillance and outbreak detection in France
rely on 2 previously described parallel voluntary sys-
tems: epidemiologic surveillance of HUS in children
<15 years of age, coordinated at the national level by
the food and waterborne disease surveillance and
outbreak investigation unit at Santé publique France
(French public health agency, https://www.sante-
publiquefrance.fr); and microbiological surveillance
coordinated by the National Reference Center for E.
coli, Shigella, Salmonella (NRC-ESS) and its associated
NRC at Robert Debré hospital, Paris (NRC-RD) (1,3).
Epidemiologists at regional offices of Santé Publique
France can also contribute to investigations but are
not dedicated to foodborne disease surveillance. Santé
publique France links epidemiologic data from pedi-
atric STEC-HUS surveillance and epidemiologic in-
vestigations to WGS data, generating a consolidated
anonymous dataset for annual surveillance reports (3).
A cluster is typically defined as cases grouped
in space, time, or both. An outbreak defines cases for
which an epidemiologic link is identified. A micro-
biological cluster defines isolates grouped on the ba-
sis of an established typing method: phenotypic sero-
group and serotype or genomic typing using cgMLST
or SNP analysis. Cluster detection in France relies
on pediatric HUS notifications and microbiological
data (Appendix 1, https://wwwnc.cdc.gov/EID/
article/31/13/24-1950-App1l.pdf).
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In current WGS protocols, STEC genomic data
are submitted to EnteroBase with limited metadata
(isolate source, e.g.,, human, food; sampling year;
and country). The cgMLST and HierCC schemes
implemented in that platform assist in identification
of genomic clusters (Appendix 1) (21). The platform
uses multilevel, static, cluster assignments of bacte-
rial genomes to describe genetic diversity (23). At the
French NRC, the HC5 level of the HierCC scheme is
used for screening of genomic relatedness for epide-
miologic purposes. If necessary, particularly for HC5s
that persist over time, an additional SNP analysis us-
ing the EnteroBase pipeline serves as a confirmatory
step. Epidemiologists assess cluster characteristics
(size, space-time distribution, clinical severity, case-
patient characteristics) to decide whether investiga-
tions should be initiated. Decisions to investigate
small (<5 isolates) or temporally dispersed WGS clus-
ters also depend on availability of human resources.

Study Data

We included STEC isolates sequenced at the NRC-ESS
and uploaded to EnteroBase as part of routine WGS
data analysis from January 1, 2018-December 31,
2022. We considered isolates from the same patient as
duplicates and excluded those if sampling dates were
<2 weeks apart and WGS identified the same strain.
We restricted analyses to 4 serotypes with sufficient
historical data: O26:H11 (n = 478), O80:H2 (n = 226),
0157:H7 (n =223), and O103:H2 (n = 75). We conduct-
ed all data management and statistical analyses in R
version 4.2 (The R Project for Statistical Computing,
https:/ /www.r-project.org).

The assembled short-read data for the list of
genomes are available from EnteroBase (https://
enterobase.warwick.ac.uk/species/ecoli/search_
strains?query=workspace:127168) (Appendix 2 Table
1, https://wwwnc.cdc.gov/EID/article/31/13/24-
1950-Appl.xlsx). Short-read sequences are available at
the European Nucleotide Archive (https://www.ebi.
ac.uk/ena/browser/home; project no. PRJEB50273.

Allelic and SNP Distance Distributions

We generated pairwise allele and SNP distance matri-
ces for each serotype. We extracted the cgMLST allelic
profiles from EnteroBase and excluded alleles if they
were missing from >5% of isolates within a given se-
rotype (2 excluded from O157:H7 AD matrices). We
calculated AD from allelic profiles on the basis of
the number of mismatched loci and determined SNP
distances on a recombination-free multisequence
alignment of the core genome of each studied sero-
type (Appendix 1).
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We merged isolate characteristics (sampling date,
HC2-HC50, epidemiologic data) from consolidated
surveillance datasets with the AD and SNP matrices
by using a unique anonymous identifier from the
NRC-ESS. For each serotype, we plotted overall dis-
tribution of pairwise AD and SNP. We censured data
at 50 AD and SNP distance for statistical analysis and
primary graphical representations.

Determination of Statistical Genomic

Distance Thresholds

We applied a mixture of distributions approach to test
whether statistical thresholds to describe genomic prox-
imity of isolates could be determined. Mixture of distri-
butions is a classic statistical approach for determining
thresholds from continuous data distributions, such as
seroprevalence data (24). We used the mixR package
in R, which determines the best fit to continuous data
from several distribution families and selects the opti-
mal number of components for the mixture model on
the basis of the lowest value of the Bayesian informa-
tion criterion (25). The underlying hypothesis was that
outbreak-related isolates have smaller pairwise AD
and SNP distance. For each pair of isolates, the prob-
ability of belonging to the first distribution (comprising
the smallest genomic distances) is calculated and plot-
ted according to AD and SNP distance. We set a thresh-
old as the AD or SNP distance at which the probability
of belonging to the first distribution was >50%.

Comparison of Genomic Distributions and

Statistical Thresholds to HCS Clusters

Although isolates are assigned to HC on the basis
of AD, HC does not strictly translate to AD because
of the multilevel clustering approach, which defines
that when AD at a given level is equal, the genome
is assigned to the oldest HC value (23). For example,
isolates assigned to a given HC5 or HC10 cluster are
not all within 5 or 10 AD of each other. Therefore, as-
sessing the observed genomic distance distributions
and performance of statistically defined thresholds in
relation to HC5 clusters is necessary. We calculated
sensitivity and specificity of statistically determined
thresholds compared with HC5.

We also assessed the relationship between time
and genomic distances within HC5 clusters. We stud-
ied time in categories constituted on equal distribu-
tion of isolates and as a continuous variable (days)
by using a multivariable fractional polynomial (MFP)
linear regression. To assess concordance between
HC5 and SNP analysis as a confirmatory step for
cluster determination, we visualized HC5 clusters
(>4 isolates) and year (all isolates) into generated
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SNP-based maximum-likelihood trees by using iTOL
(https:/ /itol.embl.de) (26) (Appendix 1).

Genomic and Epidemiologic Characteristics

of HC5 Clusters

We assessed characteristics for each HC5 cluster, in-
cluding genomic distance range, number of isolates,
temporal distribution, geographic distribution (same
administrative department or region, multiple re-
gions), and epidemiologic link. Epidemiologic links
included clusters of household transmission and sin-
gle patients (isolates sampled >15 days apart), isolates
with a confirmed or suspected outbreak link, and iso-
lates for which the link was unable to be determined
from investigations.

Results

Pairwise Distance Distributions

Genomic distance distributions varied by serotype
(Appendix 1 Figure 1, panels A, B). For O26:H11 and
0O157:H7, we observed a peak at 0-5 AD (Figure 1,
panel A). Conversely, fewer O80:H2 isolate pairs had
shorter AD, and we observed no similar peak but not-
ed a normal distribution. Few O103:H2 isolate pairs
had AD <10. The O26:H11 SNP distance distribution
showed a plateau from 1 to 20 SNPs (Figure 1, panel
B). For O157:H7, we observed a peak of 0-20 for pair-
wise SNP distances. The SNP distance distribution
for O80:H2 showed a sloping increase, and few iso-
late pairs had <10 SNP distance. The O103:H2 SNP
difference distribution was sparse, limiting descrip-
tion of specific characteristics.

Determination of Statistical Thresholds

The mixture of distributions model retained the
gamma distribution for determination of both AD
and SNP distance thresholds. The number of com-
ponents fitting the genomic distance distributions in
the final model varied by serotype (Figure 2, panel
A; Figure 3, panel A). The AD statistical thresholds
were <8 AD for O26:H11, <16 AD for O157:H7, <9 AD
for O80:H2, and <5 AD for O103:H2 (Figure 2, panel
B). The SNP distance statistical thresholds were <15
SNP for 026:H11, <20 SNP for O157:H7, <17 SNP for
080:H2, and <15 SNP for O103:H2 (Figure 3, panel
B). For O157:H7 SNP distances, we determined the
threshold from the probability of belonging to the
second distribution, because the first distribution was
at 0, with mean and SD close to 0. Although we deter-
mined a threshold for O103:H2, the result was less ro-
bust because of the small number of pairwise isolates,
particularly at shorter genomic distances.
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Genomic Distance Distributions within HC5

The number of HC5 clusters increased with sero-
type frequency: 6 for O103:H2, 19 for O157:H?7, 23 for
080:H2, and 39 for O26:H11. The AD and SNP dis-
tance distributions observed in HC5 clusters varied
within and between serotypes (Appendix 1 Figure
2). Applying statistically determined thresholds, all
HC5 cluster isolates were under the AD threshold
for serotypes 0103:H2 and O157:H7. Only 0103:H2
HC5 cluster isolates were under the SNP distance
threshold (Appendix 1 Figure 2). A greater number of
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026:H11 and O80:H2 HCS5 clusters contained isolate
pairs surpassing statistical thresholds.

Sensitivity and specificity of the statistical
thresholds compared with HC5 clusters varied be-
tween serotypes (Table). For O157:H7 and O103:H2,
the statistical thresholds had high sensitivity
(>99%) and specificity (83%-100%). For O26:H11,
sensitivity was close to 100%, and specificity was
73% for AD threshold and 88% for SNP thresh-
old. Finally, for O80:H2, although the mixture of
distributions determined a statistical threshold,
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Figure 1. Characteristics from 5 years of routine whole-genome sequencing for epidemiologic surveillance of Shiga toxin—producing
Escherichia coli, France, 2018—-2022. A) Distribution of pairwise allelic distances; B) SNP distances, censured at 50. Shiga toxin—
producing Escherichia coli serotypes are shown for each panel. SNP, single-nucleotide polymorphism.
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Figure 2. Mixture of distributions model applied to allelic distance data from 5 years of routine whole-genome sequencing for
epidemiologic surveillance of Shiga toxin—producing Escherichia coli, France, 2018—-2022. A) Number of components fit to the data
distribution; B) threshold represented as the probability of belonging to the first distribution. Shiga toxin—producing Escherichia

coli serotypes are shown for each panel. Black line indicates global estimated density; black circles, probability of belonging to
first distribution for each observed allelic or single-nucleotide polymorphism distance; red line, largest allelic or single-nucleotide
polymorphism distance that has a 50% probability of belonging to the first distribution. Comp, component.

specificity was poor for both AD (34%) and SNP 1 Figure 3). MFP regression integrated time as a con-

(35%) thresholds. tinuous variable and confirmed a linear relationship

with AD for all serotypes, but with varied strength
Genomic Distance Distributions within of association (Figure 4, panel A). Of note, we found
HC5 Clusters as a Function of Time a negative association between AD and time ob-

With time represented in classes, we observed a slight served for O26:H11 and O157:H7 at the smallest tem-
positive association between AD and HC5 (Appendix poral distances (<5 days) and then a positive linear
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Figure 3. Mixture of distributions model applied to SNP distance data from 5 years of routine whole-genome sequencing for
epidemiologic surveillance of Shiga toxin—producing Escherichia coli, France, 2018—2022. A) Number of components fit to the data
distribution; B) threshold represented as a probability of belonging to the first or second distribution. Shiga toxin—producing Escherichia
coli serotypes are shown for each panel. Comp, component; SNP, single-nucleotide polymorphism.

relationship as temporal distance increased. For
0103:H2, the relationship was linear, but the number
of HC5 clusters was small, and the maximum tem-
poral distance was comparatively short (=100 days).
Analysis with SNP distance yielded similar results
as AD, with 1 distinct difference: MFP regression did
not identify the same negative association at small
temporal distances for O26:H11 and O157:H7 (Figure
4, panel B; Appendix 1 Figure 4).
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Concordance between HC5 and SNP

SNP analysis generally confirmed HC5 clusters
for all serotypes except O80:H2 (Appendix 1 Fig-
ures 5-7). For O80:H2, although SNP distance con-
firmed clustering for some HC5s, for others, such as
HC5_35789 and HC5_80832, HC5 was not predic-
tive of SNP clustering because genomes belonging
to the same HC5 were dispersed in the phylogenet-
ic tree (Figure 5).
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Genomic Distance and Epidemiologic
Characteristics of HC5 Clusters
Because HC5 informed cluster detection and guided
epidemiologic investigations during the study pe-
riod, data are not independent. However, examining
differences in genomic distance in light of epidemio-
logic characteristics of HC5 clusters is of interest.

We identified 87 HC5 clusters (>2 isolates) com-
prising 449 isolates over the study period. Most
(81/87; 93%) clusters comprised 2-10 isolates; 80%
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(70/87) of the HC5 clusters comprised 2-4 isolates,
and 13% (11/87) comprised 5-10 isolates (Appendix
2 Table 2).

For the 81 clusters with 2-10 isolates, 58 (72%)
comprised isolates with sampling dates within 1 year
of each other. Twenty (25%) clusters had a duration of
1-2 years, and 4 (5%) clusters had a duration >3 years.
Of the 6 HC5 clusters with >10 isolates, 4 lasted >3
years and 2 had isolates sampled within 3-month pe-
riods. Geographic distribution expanded with cluster
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Figure 4. Regression from hierarchical clustering at a threshold of 5 allelic differences from 5 years of routine whole-genome
sequencing for epidemiologic surveillance of Shiga toxin—producing Escherichia coli, France, 2018-2022. A) Allelic distance; B) SNP
distance. Distances calculated as a function of time in days by multivariable fractional polynomial linear regression. Black circles indicate
estimated allelic or SNP distance for each observed temporal distance in days; blue, red, green, and black vertical lines, 95% Cls of the
estimated genomic distances for each observed temporal distance in days. SNP, single-nucleotide polymorphism.

Emerging Infectious Diseases « www.cdc.gov/eid * Vol. 31, No. 13, Supplement to May 2025

S$123


http://www.cdc.gov/eid

Advances in Pathogen Genomics for Infectious Disease Surveillance, Control, and Prevention

Table. Sensitivity and specificity of statistically determined allelic and SNP distance thresholds from 5 years of routine whole-genome
sequencing for epidemiologic surveillance of Shiga toxin—producing Escherichia coli, France, 2018-2022*

Allelic distance

SNP distance

Serotype Threshold, no. alleles Sensitivity, % Specificity, % Threshold, no. SNPs  Sensitivity, %  Specificity, %
026:H11 <8 99.9 73.1 <15 99.6 87.8
0157:H7 <16 99.7 99.6 <20 99.9 96.7
080:H2 <9 99.8 33.6 <17 99.6 35.1
0103:H2 <5 100 83.3 <15 99.0 100

*SNP, single-nucleotide polymorphism.

size. All HC5 clusters within the same administrative
department had <5 isolates, and all clusters within
the same region had <10 isolates.

For clusters of 2-10 isolates, median AD ranged
from 0-5 (O103:H2) to 0-15 (O26:H11), and me-
dian SNP distance ranged from 0-14 (O103:H2)
to 5-28 (O157:H7). For the 6 larger clusters (>10
isolates), 2 were point-source outbreaks (O157:H7
HC5_116498 [suspected] and O26:H11 HC5_190514
[confirmed]), with reasonably small median ge-
nomic distances: median AD =1 for both and medi-
an SNP distance = 6 for O157:H7 HC5_116498 and 4
for O26:H11 HC5_190514. The 4 other large clusters
with isolates sampled over 3-5 years had median
AD of 2-10 and median SNP distance of 8-21. We
observed the highest median and maximum ge-
nomic distances for O80:H2.

We linked 6 HC5 clusters (all <5 isolates) exclu-
sively to household transmission, and we linked 1
cluster to 1 patient. Those median genomic distances
were small. Of the additional 27 HC5 clusters that led
to epidemiologic investigations of all or some cases
(depending on space-time distribution), we identified
a confirmed or suspected epidemiologic link for 20
(74%) clusters, corresponding to 146 isolates (15% of
the study population) (Appendix 2 Table 2) (27-29).
Those links included 2 persistent O26:H11 clusters
(HC5_65006 and HC5_75047) comprising isolates as-
sociated with multiple point-source outbreaks and
sporadic isolates with no identified epidemiologic
link to each other or with previous outbreak sources
(28,29). Within O26:H11 clusters that comprised iso-
lates with documented epidemiologic links to several
different point-source outbreaks, the median genom-
ic distances of epidemiologically linked isolates were
smaller than those of the overall cluster (Appendix 2
Table 2).

Discussion

The results of this study describe advantages and
challenges of WGS for epidemiologic surveillance of
STEC and inform potential adaptations in surveil-
lance protocols in France. In this study, we used pair-
wise genomic distances to explore the robustness of
using WGS-based clustering, particularly the HC5
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level of EnteroBase’s HierCC scheme, as a screening
threshold for outbreak detection in STEC surveil-
lance in France after 5 years of routine use. We first
determined statistical thresholds to define genomic
proximity. The heterogeneity of the thresholds across
serotypes showed the necessity of verifying the suit-
ability of a given approach strictly on the basis of ge-
nomic distance thresholds to all serotypes. Except for
080:H2, we confirmed the validity of using HC5 for a
screening step for microbiological cluster determina-
tion; applying the statistical thresholds had a limited
effect on how isolates grouped compared with HC5.
The OB80:H2 genomic distance distributions
were visually distinct, with near normal distribu-
tions versus multimodal distributions. SNP analy-
sis for O80:H2 showed limited concordance with
specific HC5 clusters compared with the other se-
rotypes. Factors influencing genomic diversity, in-
cluding mutation rate, reservoir, and transmission
pathways, may differ for O80:H2 and explain its
limited genomic diversity (30). The lack of concor-
dance between cgMLST, including HC5, and epide-
miologically relevant clusters has also been observed
for another pathogenic clone of E. coli that exhibits
limited genomic diversity, the human-restricted en-
teric pathogen Shigella sonnei, leading to a reliance
on high-resolution techniques for surveillance (31).
That observation suggests O80:H2 cluster determi-
nation should rely on SNP-based phylogenies. Such
approaches require selection of an appropriate refer-
ence isolate and continuous integration of emerging
strains into the analysis. Those approaches do not
confer the same advantages of cgMLST and the En-
teroBase’s HierCC scheme, such as ease of comparing
isolates with standardized methodology and nomen-
clature. Although O80:H2 is in the top 3 serotypes iso-
lated in France since 2015, it is an uncommon hybrid
pathotype (STEC/EXPEC [extraintestinal pathogenic
E. coli]) that emerged in the early 2010s, and its reser-
voirs remain unclear (1,30). Indeed, a case-case study
comparing characteristics and reported risk factors of
E. coli O80-infected children with HUS with those in-
fected by other STEC serogroups in France concluded
that epidemiologic characteristics of O80:H2-infected
pediatric HUS cases differed from O157:H7 and other
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serotypes (32). Also, although O80:H2 was isolated in
healthy cattle in France in 2023 and diarrheic calves
in Belgium, no outbreaks have been documented in
France after epidemiologic investigations (33,34).
Improving cluster discrimination could increase the
likelihood of resolving epidemiologic investigations
and advancing knowledge on potential sources of
contamination and reservoirs.

This study had several limitations related to
data availability. Of note, analyses depended on the
number of isolates available in surveillance data for
France and pertained to 4 primary serotypes. The
results suggest that conclusions may differ for other
serotypes, and when sulfficient isolates are available,

Year

W 2022,n =40
W 2021,n=43
W 2020, n =42
M 2019, n =54
M 2018, n =47
HC5

[1140495,n=6
M 174189, n=4

W 181227,n=4
[35179,n =35
[174928,n=4

W 74950,n=7
[780832,n =10
81259, n=4
[JOther HC5, n = 152

WGS for Epidemiologic STEC Surveillance, France

expanding the study will be pertinent. Because STEC
surveillance in France is voluntary, isolate data are
not representative of all STEC in France. Pediatric
HUS surveillance data are considered representative
(3). However, that is not the case for other clinical
isolates because patients with more severe illness are
more likely to have consultations or be hospitalized
and have biological sampling (35). Few environmen-
tal, food, and animal isolate data are available, and no
routine sequencing has been implemented in France
thus far. Therefore, this analysis was limited to clini-
cal isolates. Increasing the number of nonclinical iso-
lates and associated metadata would provide greater
insight into the genomic diversity of circulating STEC

Figure 5. Single-nucleotide polymorphism—based maximum likelihood phylogenetic tree of 226 O80:H2 isolates from 5 years of routine
whole-genome sequencing for epidemiologic surveillance of Shiga toxin—producing Escherichia coli, France, 2018—2022. Tree was built
based on the sequence alignment of 3,949 single-nucleotide variant sites of the recombination-free core genome of E. coli strain MOD1-
EC6881 (GenBank accession no. GCF_002520045.1). Tree was midpoint-rooted and visualized with iTOL (https://itol.embl.de). Bootstrap
support values >90% are indicated with red dots on the branches. Branch lengths and corresponding scale bar indicate numbers of single-
nucleotide polymorphisms per base of the final alignment. HC5, hierarchical clustering at a threshold of 5 allelic differences.
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isolates in France and enable exploration of potential
transmission chains and links with clinical isolates.
Those links will be particularly relevant because cer-
tain geographic zones have shown greater risk for
sporadic pediatric HUS, including WGS clusters with
no identified epidemiologic link (3).

Although WGS provides a major advance for
foodborne pathogen surveillance, epidemiologic data
remain essential for confirming a common source
for WGS-linked isolates (36). This study provides in-
sight into the diversity of situations faced by epide-
miologists after introduction of WGS. Indeed, a prior
study described the complexity of interpreting WGS
data in light of the effects of pathogen interactions
with host and reservoir and the multiple transmis-
sion mechanisms involved in STEC circulation and
contamination (36). Within HC5 clusters, the AD and
SNP distributions were variable for a single serotype
and between serotypes. Although some HC5 clusters
linked to point-source outbreaks had low genomic di-
versity, others did not, particularly O157:H7, which
was historically the predominant serotype in France
before 2015 (1). The relationship between genomic
and temporal distances within HC5 clusters also il-
lustrates that variability. Although we observed an
overall positive association, we noted a negative rela-
tionship between AD and temporal distance <5 days
for O26:H11 and O157:H7. That relationship could
be because of a limited number of point-source out-
breaks linked to a diversity of food vehicles (vegeta-
bles, raw milk cheeses, industrial frozen pizzas) and
caused by strains that accumulated greater genomic
diversity before the outbreak (e.g., in reservoirs, in
the manufacturing ingredients or environment). Dif-
ferent manufacturing processes for primary and final
ingredients may also contribute (initial inoculum,
bottlenecks, duration of processing or aging, temper-
ature, stress) (37). Periodically assessing methods of
WGS cluster determination, particularly HC5, used
in surveillance approaches to ensure their continued
validity will be needed.

During 2018-2022, epidemiologists in France
regularly investigated WGS-linked isolates with case-
patients closely related in space or time, but with no
common source suspected despite extensive case in-
terviews. Although we know of inherent limitations to
epidemiologic investigations (interview based, mem-
ory bias), such clusters are necessary for document-
ing experiences with WGS in STEC surveillance and
outbreak investigations. Similar to findings reported
previously, most of the HC5 clusters from France are
small (<5 isolates) (2). Limited public health resources
are directed toward investigation of larger clusters or
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those including severe clinical manifestations such as
HUS. However, even when very small clusters are in-
vestigated, identifying a common source of contami-
nation can be challenging because of limited epidemi-
ologic or traceback data. Moving toward systematic
documentation of epidemiologic information for all
WGS-linked isolates would provide more complete
data to explore and interpret relatedness but would
require evolutions in prioritization of activities or ad-
ditional human resources. Finally, the numerous HC5
clusters comprising isolates over several years show
that, as time progresses, genomic proximity evolves
to different degrees, reinforcing that a SNP-based
analysis remains an essential confirmatory step for
cluster determination. Threshold-based approaches,
although appropriate for screening in some sero-
types, may therefore not be universally applicable
for a given pathogen (12,38). Overall, public health
professionals should strike a balance between con-
sideration of serotype-related limits and the advan-
tages conferred through more standardized genomic
approaches. STEC surveillance protocols on the basis
of WGS data should integrate regular assessment to
ensure continued validity of genomic approaches.

In summary, after 5 years of implementation of
WGS for STEC surveillance, our results validate the
current approach of using cgMLST HC5 as a screening
step for cluster detection for 3 major serotypes in France.
For the fourth major serotype, O80:H2, our results in-
dicate that HC5 is less reliable. Regular assessment of
WGS-based STEC surveillance protocols to document
the effects of serotype and time (genomic evolution) is
appropriate. Exploring possibilities for routinely collect-
ing epidemiologic data for WGS clusters could enrich
the capacity to describe the relationship between WGS-
linked isolates and epidemiologic links.

Data anonymization and storage authorizations for STEC
surveillance at Santé publique France were previously
described (3). Because the study used the existing
consolidated and anonymous surveillance datasets and
anonymous sequence data extracted from EnteroBase, no
additional ethics approval was required.
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