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The field of public health is evolving continu-
ously, driven in part by advances in science and 

biotechnology. Among the most transformative of 
those changes are the rapid acceleration of genom-
ics, bioinformatics, and molecular epidemiology 
throughout the public health system and the grow-
ing list of applications of such methods for infectious 
diseases of both public health and economic concern 
(1). Those technologies have revolutionized the un-
derstanding, tracking, and prevention of many in-
fectious diseases and are notable for their adaptabil-
ity to different pathogens and changing diagnostic, 
surveillance, and response requirements, as well as 
to different levels of technical capacity in laboratory 
environments where they are in use.

To understand the effect of pathogen genomics on 
public health, we must consider the types of materials 
that can be sequenced, which include pathogens (vi-
ral, bacterial, fungal, parasitic) from host, vector, and 
environmental samples; the unique and complex fea-
tures of pathogen genomes; and the thousands of po-
tential datapoints their genomes can encode. Because 
molecular techniques generate massive amounts of 
raw sequence data, investments in bioinformatics, 
including data analysis tools, computing infrastruc-
ture, and skilled workforce, are critical to translate 
pathogen sequence data into actionable public health 
information. By combining new types of data with 
traditional epidemiologic approaches, sequencing 
provides an incredibly powerful new set of tools for 
investigating the spread and informing the preven-
tion and control of infectious diseases.

The SARS-CoV-2 pandemic led to pathogen ge-
nomic sequencing being used at a previously unfath-
omable scale. By the end of 2024, >17 million virus 
genomes were catalogued globally, roughly one third 
from laboratories in the United States. Those sequenc-
es were assembled, annotated, and shared through 
several major international sequence repositories, in-
cluding GenBank (2) and the GISAID (https://www.
gisaid.org) EpiCoV database (3). This rapid sharing 
of pathogen genomic data enabled the global pub-
lic health community to monitor and respond to the 
evolution and transmission of the virus and to begin 
critical work on technical and ethical requirements 
for better and more equitable data sharing.

Within the United States, SARS-CoV-2 sequence 
data provided a critical national baseline for variant 
surveillance; enabled reference characterization and 
risk assessment of emerging variants; aided in ongo-
ing assessment of approved diagnostics, vaccines, 
and therapeutics; and guided overall pandemic re-
sponse strategy and resource prioritization (4). The 
data also provided necessary insights at the state and 
local level, enabling many jurisdictions to implement 
comprehensive surveillance for unusual variants, 
phenotypes, or clinical outcomes; to guide clinical 
and therapeutic strategy; and to enhance outbreak 
response and infection control efforts on the basis of 
genomic and phylodynamic information (5).

For more than a decade, the Centers for Disease 
Control and Prevention (CDC) Advanced Molecular 
Detection (AMD) program has been at the forefront of 
integrating genomics and other novel laboratory tech-
nologies into routine public health practice. AMD is 
a cross-cutting program that works across CDC’s in-
fectious disease centers, state and local public health 
departments, and a growing network of academic, 
commercial, and global partners to help drive inno-
vative, high complexity laboratory technologies and 
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the bioinformatic and workforce changes needed to 
implement the technologies effectively, sustainably, 
and at scale.

Initial AMD investments focused on building se-
quencing and bioinformatics capacity for CDC core 
programs, while expanding capacity in state and lo-
cal public health departments. More recent activities 
have sought to strengthen and build the public health 
workforce and create opportunities for academic and 
private sector collaboration. Future efforts will focus 
on promoting public engagement around AMD tech-
nologies, developing a professionally diverse and re-
silient technical workforce, ensuring representative-
ness of AMD studies and leadership, and expanding 
access to the benefits of these investments. Global 
investments and partnerships in pathogen genomics 
have already shown great promise in building con-
textually relevant genomic sequencing and analysis 
capacity at a local and regional level in many low-to-
middle income countries, including establishing lo-
cally managed networks of infrastructure, resources, 
and expertise.

This supplemental issue of Emerging Infectious 
Diseases brings together a collection of articles that 
showcase the progress and effect of pathogen genom-
ics, bioinformatics, and genomic epidemiology on 
public health, illustrating both the current effects and 
the future promise of such technologies. The techno-
logic contributions in this supplement issue highlight 
a range of different applications and collaborations, 
including case studies of outbreak responses and sur-
veillance programs, necessary advances in bioinfor-
matics tools and databases, practical considerations 
for capacity building and benefit to populations ex-
periencing greater illness and death, and perspectives 
on the future direction of the field.

As public health continues to evolve and to 
adapt to new threats and challenges, the integration 
of new technologies and the data they provide will 
continue to shape the landscape of infectious disease  
surveillance and response. The insights gained from 

those new data will be crucial in addressing emerging 
and reemerging infectious diseases, ensuring we are 
better prepared to face public health challenges today 
and tomorrow.
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Advanced molecular detection (AMD) combines 
next-generation sequencing (NGS), bioinformat-

ics, and traditional epidemiology to provide detailed 
information on disease-causing microorganisms, or 
pathogens (1). AMD has become central to the US 
public health system’s efforts to identify, track, and 
stop infectious diseases. The Centers for Disease Con-
trol and Prevention’s (CDC) Office of Advanced Mo-
lecular Detection, part of the Division of Infectious 
Disease Readiness and Innovation, National Cen-
ter for Emerging and Zoonotic Infectious Diseases, 
works to modernize the public health system’s dis-
ease investigation capabilities by using the latest tech-
nologies and building AMD capacity in public health 
partner institutions (1).

Although AMD has empowered public health 
agencies across the United States to rapidly identify 
and solve outbreaks that were previously undetect-
able, the technical terminology can be challenging for 
many healthcare and public health professionals. This 
article aims to provide nonlaboratorians such as phy-
sicians, advanced practice providers, public health 
professionals, and policy makers with an overview 
of how advanced molecular approaches are used to 
detect and control infectious disease threats. This 
primer will assist nonlaboratory personnel to better 
understand the concepts and terminology used in this 
AMD journal supplement, as well as in the daily prac-
tice of clinical medicine and public health.

We will focus on 3 aspects of AMD: pathogen 
genomics, how laboratory scientists use technologies 
to study the genetic composition, or sequences, of in-
fectious microorganisms; bioinformatics, how high-
performance computing is used to analyze genetic 
sequence data; and public health application, how ep-
idemiologists, clinicians, and other public health pro-
fessionals combine information from field investiga-
tions with genetic sequence data to identify and stop 
outbreaks. Although much has been written about 
the use of NGS for mapping the human genome, the 
focus of this journal supplement is pathogen genom-
ics, the sequencing of microorganism genomes that 
can cause infectious diseases.

Three Aspects of AMD

Pathogen Genomics
As recently as the late 20th Century, healthcare 
providers and clinical laboratories relied on estab-
lished, culture-dependent techniques for the labo-
ratory identification of bacteria and viruses and the 
reporting of such findings for disease surveillance. 
Sanger sequencing is a method for DNA sequenc-
ing of specific genes developed in the 1970s. Sanger 
sequencing is highly accurate but expensive and 
time-consuming, especially when sequencing an 
organism’s entire genetic code or genome (2). The 
development of NGS in the early 2000s greatly ad-
vanced the field of genome sequencing and analy-
sis, or genomics. NGS enabled the rapid, automated 
sequencing of many genetic fragments in parallel, 
providing a large amount of genetic information 
rapidly and at a lower cost compared with older 
methods. A wide range of approaches to sequenc-
ing have since been developed that can be targeted 
to look for a specific pathogen or be pathogen ag-
nostic and sequence any microbial genetic mate-
rial in a sample. Some examples of commercially 
available laboratory sequencing methods include 
detection of fluorescently labeled nucleotides (Il-
lumina, https://www.illumina.com), detection of 
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hydrogen ions during polymerization (Ion Torrent, 
https://www.thermofisher.com), analysis of electri-
cal signals from biologic molecules that have passed 
through nanometer-sized pores (Oxford Nanopore, 
https://www.nanoporetech.com), and direct obser-
vation of the sequencing process (PacBio, https://
www.pacb.com). To date, available sequencing 
systems, or platforms, can be broadly grouped into 
short-read or long-read platforms on the basis of the 
length of sequence reads they produce, measured in 
base pairs. A base pair is a unit of double-stranded 
nucleic acids consisting of 2 complementary DNA 
nucleotide bases bound to each other by hydrogen 
bonds. Short-read platforms (<500 bp) fragment the 
genome to be sequenced into short fragments and 
are more reliable for detecting low frequency genetic 
variations and short insertions, deletions, and muta-
tions (3). Long-read methods (3,500–11,000 bp) can 
read longer stretches of DNA, or complete regions 
of a gene, and are used when studying complex ge-
nomes such as in metagenomic sequencing, which 
involves analysis of genetic material of all organ-
isms that may be within environmental or clinical 
samples. Short-read platforms are better for identi-
fying the precise genome sequences, nucleotide by 
nucleotide, whereas long-read platforms are better 
for identifying large DNA insertions or deletions (4).

NGS involves both traditional laboratory com-
ponents, such as sample collection, DNA extraction, 
and sequencing machines, and bioinformatics com-
ponents, such as using computational models, also 
known as pipelines, to analyze the large volumes of 
data created by NGS. Analysis of these data can re-
veal epidemiologic patterns of disease transmission, 
genetic variations, antimicrobial resistance genes, 
and other information necessary to clinical care and 
public health. As NGS technologies became more 
widely available and affordable, sequencing whole 
bacterial and viral genomes to understand disease 
transmission became common in clinical and pub-
lic health laboratories (2). Along with increased use, 
validation of NGS tests is both critical and difficult 
because of workflow variations across laboratories, 
such as differing sample types; operating procedures 
for extraction, amplification, and sequencing; and 
bioinformatic processes. Because of those differences, 
specific quality parameters are vital for both labora-
tory sequencing and bioinformatic technologies. CDC 
has invested in the development of quality manage-
ment systems and quality system tools that are both 
technology and manufacturer specific.

Whole-genome sequencing (WGS), a type of NGS, 
enables scientists to determine a mostly complete  

sequence of an organism’s genome and provides 
more data than methods that only sequence a portion 
of the genome. For example, in addition to provid-
ing information about the evolutionary history and 
relationships among streptococcal organisms, poten-
tial streptococcal drug resistance patterns and typing 
(e.g., M protein typing) can be genetically inferred 
by using the same WGS pipeline (5). WGS has also 
improved surveillance for foodborne pathogen out-
breaks and enhanced the detection of trends in food-
borne infections and antimicrobial resistance at the 
state public health laboratory level.

An additional application that has moved from 
research to clinical practice is 16S sequencing. The 16S 
ribosomal RNA gene is conserved and found in all 
bacteria and is the most widely used for phylogenetic 
identity of a bacteria and the most frequently ordered 
of advanced molecular tests (6). Scientists amplify, 
sequence, and compare it with other known 16S se-
quences, using 16S variable and conserved regions 
for clinical laboratory diagnosis. Whereas WGS is also 
used for viral sequencing, ribosomal RNA sequenc-
ing enables many bacteria to be identified at the ge-
nus or species level, including bacteria that are hard 
to cultivate or following the administration of antimi-
crobial therapy (7).

Bioinformatics
NGS provides a large amount of genetic informa-
tion. Microbial bioinformatics is a data-driven ap-
proach that combines the use of sequencing data, 
machine learning, and artificial intelligence for rap-
id public health response. This field uses computa-
tional tools for disease surveillance, monitoring an-
timicrobial resistance, and outbreak investigations. 
By using computer science and statistical methods, 
such as high-performance supercomputing to or-
ganize and interpret the data, bioinformatic tools 
can track, identify, and monitor pathogens while 
tracing transmission pathways and phylogenetic 
origins. Phylogenetic methods play a crucial role in 
studying the evolutionary history and relationships 
among organisms. Bioinformatic pipelines are used 
to assemble genomes, detect genetic variants, and 
build phylogenies, which are visual representa-
tions of the evolutionary relationships among or-
ganisms. Those pipelines start with a defined set 
of files, such as FASTA sequences (a text-based 
format that represents nucleotide sequences). Con-
nected software routines are then used to generate 
results, such as sequence alignment or tree figures. 
Different tools and workflows can also be used to 
assemble a genome or to perform variant calling  
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(i.e., detecting variants by comparing against a ref-
erence genome) (8).

Alignments can identify genetic variations such 
as single-nucleotide polymorphisms, which are vari-
ations in a single nucleotide at a specific place on the 
genome. Alignments of specific gene sequences or 
whole genomes aligned to a reference sequence are 
used as the input for the software or pipelines that 
generate phylogenies, which trace patterns of shared 
ancestry among organisms. By analyzing phylog-
enies, researchers can infer relatedness between 
pathogen sequences and describe them by using 
graphics and diagrams such as phylogenetic trees, 
which illustrate the genetic relationships among or-
ganisms. Phylogenetic trees are built by using dif-
ferent probability methods for analysis with vari-
ous software developed to ensure computational 
efficiency (8). Phylogenetic trees that show related-
ness among pathogens from different sources can 
provide additional information to complement tra-
ditional epidemiology data, determine associations, 
and help link human cases or establish a common 
source of infection.

Commercially available bioinformatics pipe-
lines are often used for clinical diagnostic testing. 
Such pipelines must comply with patient safety, 
laboratory quality assurance, comparability across 
laboratories, and local and federal regulatory com-
pliance requirements (9). Many open-source tools, 
such as Nextstrain (https://www.nextstrain.org), 
UShER (https://www.genome.ucsc.edu/cgi-bin/ 
hgPhyloPlace), and MicrobeTrace (https://www. 
microbetrace.cdc.gov), and laboratory-developed 
code are also available and frequently used. Software 
containerization methods are used to package bioin-
formatics tools and pipelines into portable units (or 
containers), improving efficiency, reproducibility, 
and security (10), and to combine pathogen genomic 
information with other sources of information to 
estimate cases and predict the pathogen’s origins, 
movements, and potential affect (11).

Scientists have a critical need to share information 
quickly and efficiently. As a part of the National In-
stitutes of Health, the National Center for Biotechnol-
ogy Information (NCBI) serves a key role by provid-
ing access to biomedical and genomic information, as 
well as developing software tools for bioinformatics 
and sequencing analysis. NCBI has served as a hub 
for sharing genomic information through the Gen-
Bank DNA sequence database. The availability of se-
quences through GenBank enables scientists to com-
pare sequences from other laboratories. AMD is now 
used to track a wide array of disease agents, including 

antimicrobial-resistant foodborne bacterial and  
fungal pathogens, including many in the NCBI  
Pathogen Detection isolate browser (https://www.
ncbi.nlm.nih.gov/pathogens). Other examples of re-
sources that enable sharing of information include 
the Virus Pathogen Database and Analysis Resource 
(https://www.bv-brc.org), a platform which pro-
vides information about virus mutation, and GISAID  
(https://www.gisaid.org), an online platform that 
enables the sharing of information about viral ge-
nomic sequences. Those resources play a crucial 
role in monitoring viral pathogens, including nov-
el strains and respiratory viruses, contributing to  
the understanding of their evolution and transmis-
sion patterns.

Public Health Application
Because sequencing costs decreased and platforms 
were created to manage and analyze larger sets of 
data, the use of those methods went from proof-of-
concept and validating results against traditional  
epidemiology methods to becoming standard meth-
odologies (12). AMD has become a central part of 
public health efforts to identify and control infectious 
diseases and is now incorporated into public health 
outbreak and emergency response, disease surveil-
lance, drug resistance detection, clinical microbiol-
ogy, and other public health applications (13).

In the United States, funding provided through 
CDC has been instrumental in building national ca-
pacity for AMD in state, local, and territorial public 
health laboratories, as well as in hospital and clinical 
laboratories. The use of AMD has evolved to include 
a wide array of infectious diseases, including respi-
ratory diseases and antimicrobial drug resistant dis-
eases (14,15). AMD has enhanced public health pro-
fessionals’ ability to rapidly identify pathogens across 
the country, track the spread and identify sources of 
outbreaks, detect drug resistance in US hospitals, 
inform vaccine development, conduct disease sur-
veillance, and promote international collaborations. 
Other reports have provided examples of linkages of 
AMD to surveillance and epidemiology in traveler-
based genomic surveillance, enhanced AMR surveil-
lance, and outbreak investigation (16–18). The global 
relevance of AMD and presence of similar programs 
in other countries is also of note. For example, a re-
port on the national genomic surveillance system for 
Listeria monocytogenes and the effect of implementing 
decentralized sequencing in Australia is included in 
this issue (19). 

The following are a few examples of how AMD 
is used in the field of public health. First, PulseNet 
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is a national laboratory network that uses AMD di-
agnostics to detect and prevent foodborne outbreaks 
(20). PulseNet International involves implementa-
tion of whole WGS for global food-borne disease 
surveillance (21). Second, the MinION portable DNA 
sequencer was used during the 2014 Ebola virus 
outbreak in West Africa (22). Third, the Secure HIV 
TRAnsmission Cluster Engine has been used to iden-
tify clusters of highly similar HIV sequences, indicat-
ing rapid transmission (23). Fourth, AMD-supported 
diagnostics were used in the early detection of SARS-
CoV-2 variants (24). Finally, rapid AMD-supported 
diagnostic testing was used during the mpox out-
break response (25). 

A necessary part of applied public health is be-
ing aware of the caveats and limitations of methods 
and their applications, as well as understanding 
questions that public health practitioners should 
be asking when presented with data derived from 
NGS methods. Public health practitioners should 
consider several points when they are given data 
derived from NGS methods. First, practitioners 
should ask about the methods used when data 
are presented and be aware of the limitations of 
each. Each sequencing methodology has its own  

 limitations. For example, if a lab provides sequencing  
data using nanopore, there are challenges in using 
those data for the detection of mutations. Second, 
practitioners should know a gene being detected 
doesn’t indicate the gene is being expressed or is 
functional. Third, practitioners must realize dif-
ferent methods will yield different results; for 
example, genome assemblies of the same organ-
ism by 2 different methods may provide differ-
ent single-nucleotide polymorphism counts when 
run on the same panel and could affect epidemio-
logic investigations, and different bacterial or vi-
ral classifiers will yield different results from the 
same metagenomic raw data. Finally, practitioners 
should be aware that increasing use of metage-
nomics presents many unique challenges with re-
sults interpretation. When you receive results of 
interest consider the following: what the method 
or pipeline was built to do versus what is it doing 
(i.e., using a SARS-CoV-2 method to look for bac-
terial DNA); what the result is based on, a single 
gene or part of a gene; and what databases were 
used for the analysis. Many pathogens of interest 
are overrepresented in databases and may turn up 
disproportionally in results.
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Table. Education resources to further understanding of advanced molecular detection for nonlaboratorians 
Resource title Description Link 
Advanced Molecular Detection 
COVID-19 Genomic 
Epidemiology Toolkit 

Toolkit to address topics related to the application  
of genomics to epidemiologic investigations  
and public health response to SARS-CoV-2. 

COVID-19 Genomic Epidemiology Toolkit, 
https://www.cdc.gov/advanced- 
molecular-detection/php/training 

American Society for 
Microbiology Comprehensive 
Training in Infectious Disease 
Applications of Next Generation 
Sequencing 

Free training to educate the clinical microbiology 
workforce on next generation sequencing technologies 

to increase pathogen genomic sequencing capacity  
and increase preparedness for the next pandemic 

through enhanced molecular surveillance. 

Training in NGS for Infectious Disease 
Applications, 

https://asm.org/Webinars/training- 
ngs-infectious-diseases 

Association of Public Health 
Laboratories Advanced 
Molecular Detection 

Resources for building the advanced molecular 
detection workforce and other related activities. 

Advanced Molecular Detection, 
https://www.aphl.org/programs/ 

infectious_disease/Pages/ 
Advanced-Molecular-Detection.aspx 

Association of Public Health 
Laboratories Learning Center 

Multiple online courses on molecular testing  
and sequencing. Some courses are  

only available for members. 

Learning Center, 
https://learn.aphl.org/learn/signin 

Council of State and Territorial 
Epidemiologists Advanced 
Molecular Detection Workgroup 

Information about public health professionals interested 
in using the latest next-generation genomic sequencing 

technologies at local, state, tribal, and territorial  
health departments for disease detection,  

surveillance, outbreak investigation, and prevention.  
The workgroup includes a listserv. 

Advanced Molecular Detection 
Subcommittee, https://www.cste.org/page/ 

AdvancedMolecularDetection 

Council of State and Territorial 
Epidemiologists Webinar Library 

Multiple webinars developed by council of state  
and territorial epidemiologists. 

Webinar Library, 
https://www.cste.org/page/WebinarLibrary 

Northwest Pathogen Genomics 
Center of Excellence 

Website includes publications, situation reports, tools, 
workflows, and other educational resources. 

Northwest Pathogen Genomics Center of 
Excellence, https://nwpage.org 

Minnesota Pathogen Genomics 
Center of Excellence 

Website describes projects completed by the Minnesota 
Pathogen Genomics Center of Excellence. 

Infectious Disease Projects, 
https://www.health.state.mn.us/ 

diseases/idlab/pathogen 
Virginia Pathogen Genomics 
Center of Excellence 

Videos and other teaching resources. Virginia Pathogen Genomics Center of 
Excellence, https://va-pgcoe.org 

State Public Health 
Bioinformatics Group 

Resources and materials from  
previous trainings offered. 

StaPH-B, https://staphb.org 
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Workforce Development and Capacity Building
Laboratory methods have evolved from relatively 
simple, culture-dependent techniques for identifying 
bacteria and viruses to expensive and time-consum-
ing DNA sequencing to more rapid and less costly 
sequencing, resulting in vast amounts of genetic in-
formation. Information about those advances has 
not always been communicated clearly to healthcare 
and public health professionals or the public. For 
readers who are interested in learning more, CDC 
has enabled state, local, and territorial public health 
laboratories to provide regional training, including 
sequencing and molecular epidemiology tools train-
ings, Bioinformatics Regional Resources, and other 
opportunities designed to help clinicians, scientists, 
and public health practitioners to understand trans-
mission chains, characterize emerging pathogens, 
and solve outbreaks (1) (Table).

Beyond regional trainings, examples of other re-
sources include CDC’s AMD Academy, hosted in 
partnership with the Association of Public Health 
Laboratories and the Council of State and Territorial 
Epidemiologists. The AMD Academy is a multiday 
training in molecular epidemiology and bioinformat-
ics for epidemiologists and microbiologists from state, 
territorial, and local health departments. The COVID 
Genomic Epidemiology toolkit is another valuable re-
source that addresses topics related to the application 
of genomics to epidemiologic investigations and pub-
lic health response to SARS-CoV-2 at state, territorial, 
and local levels. This toolkit provides introductory in-
formation such as how to interpret phylogenetic trees 
in the context of transmission, along with practical case 
studies demonstrating real-world applications (26). 

In conclusion, this journal supplement aims to 
improve knowledge and awareness of advances in 
AMD. The progress of AMD techniques over the past 
few decades has had a considerable effect on public 
health. We hope that this article can begin to demys-
tify the field of AMD by providing a brief introduc-
tion to other papers in this journal supplement and 
AMD in general. 

The authors have not received additional financial support 
for the development of this manuscript.
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Advanced molecular detection (AMD) is the inte-
gration of next-generation pathogen sequencing, 

epidemiologic, and bioinformatics data to enable dis-
ease identification, responses, and public health ac-
tions (1). Specimens collected through public health 
activities, such as routine surveillance and outbreak 
investigations, are used by laboratory scientists to 
perform genomic sequencing of pathogens. Bioin-
formaticians and data scientists analyze and link the 
large amounts of genetic information obtained from 
pathogen DNA sequencing with epidemiologic and 
other data to better elucidate the origin and character-
istics of a pathogen, including its potential response 
to countermeasures such as antiviral medications. 
This information is then shared with epidemiologists 

who use the data to determine transmission patterns 
and to identify and stop outbreaks (2). Those methods 
have been used to detect and monitor pathogens that 
cause infectious diseases, including those pathogens 
disproportionately affecting certain populations, such 
as hepatitis C virus (HCV) (3), HIV (4), Mycobacterium 
tuberculosis (5), and more recently, SARS-CoV-2 (L. 
Lyu et al., unpub. data, https://doi.org/10.1101/20
23.12.28.23300535).

Epidemiology, which drives public health efforts, 
is the scientific study involved in identifying which 
populations are affected by different health condi-
tions and why (6). The COVID-19 pandemic high-
lighted differences in health outcomes across vari-
ous populations and the need to address factors that 
caused those differences. Here, we discuss strategies 
and opportunities for improving community health 
through AMD and genomic surveillance of patho-
gens.

Strategy 1—Ensuring Access to AMD Technologies
The US public health system has consistently faced 
funding challenges. For example, among local health 
departments, those located in rural areas are often un-
derstaffed and underfunded compared with their ur-
ban and suburban counterparts, hindering their abil-
ity to perform the 10 Essential Public Health Services 
originally enumerated in 1994 and updated in 2020 
(https://www.cdc.gov/public-health-gateway/ 
php/about/index.html) (7). Because of a series of fac-
tors, including challenges with accessing care, socio-
economic status, and living and working conditions, 
persons living in rural areas can have more barriers to 
care and worse health outcomes.

The Centers for Disease Control and Prevention 
(CDC) provides funding to health departments in all US 
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states, territories, and freely associated states and in 7 
large cities to increase each jurisdiction’s capacity to build 
and integrate laboratory, bioinformatics, and genomic 
epidemiology technologies as part of their infectious dis-
ease prevention capabilities (8). Technical assistance for 
AMD technologies can be provided to areas with fewer 
resources to modernize disease investigation techniques 
and can promote rapid public health responses; AMD 
methods provide faster, cost-effective results compared 
with older sequencing methods (2).

Although pathogen genome sequencing and other 
AMD technologies can expedite critical public health 
advances, it is critical to ensure that medically under-
resourced communities, including rural areas, are not 
left behind when new health technologies are adopted. 
When areas and communities with more resources are 
able to access health interventions that are generally 
inaccessible to groups with less resources, then exist-
ing differences in health outcomes can increase.

Example—Providing Support to Understand  
SARS-CoV-2 Transmission in Rural Texas
One method to distribute the benefits of AMD tech-
nologies is through larger health departments pro-
viding sequencing support to smaller health de-
partments and communities that have no on-site 
sequencing or bioinformatics capacity; this support 
would aid outbreak investigation and surveillance ef-
forts. For example, the Houston Health Department 
in Houston, Texas, USA, and academic partners used 
CDC funds and technologies to perform phylogeo-
graphic inference (a method that enables scientists to 
map how pathogens spread through space and time) 
to determine SARS-CoV-2 transmission in a rural 
community. The investigators were able to determine 
that SARS-CoV-2 outbreaks in rural areas were driv-
en by repeated introductions of the virus from urban 
centers (L. Lyu et al., unpub. data). Those findings 
can help guide public health actions, such as resource 
allocation, contact tracing, and prevention efforts.

Opportunity—Improving Data Linkages
Factors influencing infectious disease outcomes can be 
better determined by ensuring relevant accompanying 
data, such as social, environmental, and demographic 
variables, are collected and linked to samples. Those 
data can be analyzed alongside test results and can 
highlight patterns of infectious disease transmission 
and identify populations at increased risk for illness 
and death. Integrating those data elements into sys-
tems and analyses can be done by strengthening link-
ages between epidemiologists and laboratory scien-
tists. CDC has previously emphasized the importance  

of data integration and has supported efforts to in-
crease staffing of personnel who perform those func-
tions, such as laboratory scientists, genomic epidemi-
ologists, data scientists, and bioinformaticians.

Strategy 2—Considering Public Health Effects  
When Prioritizing Pathogens for  
AMD Technologies
When public health resources and capacity are lim-
ited, outbreaks and public health problems are often 
assigned different levels of priority for funding and 
human resources. A strategy to reduce differences in 
health outcomes is to use pathogen genomic sequenc-
ing for populations disproportionately affected by 
illness or death when prioritizing those pathogens. 
Examples of pathogens that disproportionately affect 
certain populations are HIV, HCV, and M. tuberculosis.

Example—HIV in Men Who Have Sex with Men
In the United States, HIV has historically and dispro-
portionately affected men who have sex with men 
(MSM), a population that also experiences social stig-
ma and discrimination. AMD has been used to eluci-
date HIV transmission patterns to inform prevention, 
response, and public health program efforts (4). For 
example, the Georgia Department of Public Health, 
Atlanta, Georgia, USA, a part of CDC’s Pathogen Ge-
nomics Center of Excellence, has used molecular clus-
ter detection in routine surveillance to better determine 
HIV transmission patterns. The investigation found 
that Hispanic/Latino MSM were disproportionately 
represented in new HIV infections (4). That informa-
tion guided subsequent qualitative investigations that 
revealed gaps in HIV prevention service coverage and 
informed culturally responsive HIV prevention activi-
ties focused on Hispanic/Latino MSM.

Some networks of persons living with HIV have 
raised concerns about using genomic surveillance for 
HIV prevention (9). Concerns have focused on priva-
cy, confidentiality, consent, stigma and institutional 
bias, and criminalization (9). When conducting ge-
nomic surveillance, particularly for infectious diseas-
es such as HIV and mpox that have been stigmatized 
(10,11), CDC prioritizes ethical and credible practices 
and advises all funded health departments to also 
uphold those practices. When considering implemen-
tation, the benefits of genomic surveillance activities 
should outweigh the risks; risks and benefits should 
be clearly communicated to potentially affected pop-
ulations through community and clinical partners at 
the point of care and during other opportunities to 
engage affected persons. In addition to community 
engagement, other ethical considerations, including 
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data use agreements, plans for data storage, and data 
destruction protocols, should be evaluated and in-
corporated into surveillance plans (12,13). CDC has 
supported a series of information technology features 
that address data security and limit the misuse of any 
related AMD data (1). Finally, it is critical to commu-
nicate the actions taken to safeguard data and avoid 
unintentionally discouraging persons from seeking 
care (14). When possible, a collaborative approach 
should be taken that involves community members 
and community-based organizations to ensure that 
surveillance and outbreak investigation activities are 
conducted in a way that does not cause harm.

Example—Understanding HCV Transmission  
in Rural Indiana
Hepatitis C is another infectious disease that dispro-
portionately affects certain populations and for which 
AMD has been used to guide public health action. 
Since 2004, cases of acute HCV infection associated 
with injected drug use have increased; persons who in-
ject drugs are at highest risk for infection (3). An inves-
tigation of HIV and HCV infections among persons in 
rural Indiana who injected drugs revealed that wide-
spread circulation of numerous HCV strains occurred 
long before an HIV outbreak began (15). A cloud-based 
AMD toolkit, the Global Hepatitis Outbreak and Sur-
veillance Technology, helped detect a large HCV trans-
mission network, which enabled the HIV outbreak 
(15). The HCV transmission network data were used 
to inform the development of tailored public health in-
terventions to efficiently interrupt HCV transmission 
among persons who inject drugs (16). Results from the 
investigation suggested HCV transmission could be 
used as a warning sign for eventual HIV transmission, 
and HIV surveillance among persons with HCV infec-
tion and those who inject drugs could help to rapidly 
identify and halt both HIV and HCV transmission. The 
interruption of HIV and HCV transmission has criti-
cal health and economic implications, particularly in 
rural settings where access to healthcare might be lim-
ited. The results also underscored the need to increase 
knowledge of and access to HCV testing and treatment 
services among persons who inject drugs to prevent 
further disease transmission.

Example—Tuberculosis in Non–US-Born Populations
Tuberculosis (TB) disproportionately affects persons 
with HIV, those who report substance use, non–US-
born persons within the United States, and persons 
with certain medical conditions, such as diabetes (17). 
Whole-genome sequencing is crucial to determine TB 
transmission networks and to detect drug-resistant 

cases, which require special treatment protocols (18). 
In addition, CDC developed MicrobeTrace, a web-
based AMD tool, that helps users visualize genomic 
relationships and epidemiologic links to help track 
outbreaks of tuberculosis and other diseases (19). In 
2022, most (96%) isolates from culture-positive TB 
cases were sequenced; this information was routinely 
analyzed, and the output was made available to pub-
lic health partners for programmatic follow-up, in-
cluding allocation of resources for investigation and 
intervention for specific cases (17). AMD technologies 
play a critical role in the identification and treatment 
of TB in the United States and globally.

In addition to considering traditional pathogen 
attributes, such as transmissibility and disease sever-
ity, prioritizing pathogens that disproportionately 
affect certain populations can help reduce health dis-
parities. Priorities should be determined by jurisdic-
tions and monitored and regularly reevaluated to en-
sure that they adequately address the most pressing 
public health challenges.

Across various populations and pathogens, it is 
critical to address privacy concerns, appropriately 
inform affected communities of applicable findings, 
and to use findings to optimize prevention efforts. 
To address those considerations, the AMD program 
relies on strong relationships between laboratory sci-
entists and epidemiologists in health departments. 
Those relationships enable strategic interventions, 
engagement with communities, and strong disease 
outbreak investigations that promote more efficient 
and effective public health action.

Strategy 3—Ensuring a Robust 
Public Health Workforce
Public health workforces having varied training, 
expertise, and backgrounds can better address the 
needs of the communities they serve (20). Workforce 
heterogeneity across various dimensions permits the 
inclusion of differing opinions and perspectives and 
can improve organizational success (21).

Example—CDC Fellowships
Through various training opportunities, CDC sup-
ports the development of highly qualified and tal-
ented persons across the public health workforce, 
including those supporting AMD. The CDC’s Office 
of Advanced Molecular Detection, National Center 
for Emerging and Zoonotic Infectious Diseases, has 
promoted the use of fellowships and collaborations 
with nontraditional partners, such as universities and 
other academia, to increase awareness of AMD prac-
tices and expand the skill and expertise of the AMD 
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workforce in both laboratory and health department 
settings. The Office of Advanced Molecular Detection 
has also demonstrated a long-standing commitment 
to training a professionally diverse cohort of next 
generation public health laboratory scientists through 
bioinformatics and genomic epidemiology fellow-
ships in partnership with the Association of Public 
Health Laboratories. Open to students with varied 
academic and sociodemographic backgrounds, those 
programs are critical for providing highly qualified 
talent to the public health workforce.

Opportunity—Training
Training on how to collaborate with colleagues of 
various backgrounds, including topics such as work-
ing across generations and backgrounds and effec-
tive communication, can help generate cohesiveness 
in the workforce. For epidemiologists, training topics 
of interest might include collecting and analyzing de-
mographic data variables, precisely measuring health 
outcomes in emerging genomic applications across 
different communities, and working with communi-
ties. For laboratory scientists, training topics of inter-
est might include sampling strategies, data quality 
and timeliness, and using electronic health records as 
tools to identify and reduce differences in health out-
comes. For bioinformaticians, training topics of inter-
est might include recognizing and minimizing bias in 
algorithm design, privacy, and ethics.

It is critical that members of the workforce un-
derstand their roles in improving public health and 
the importance of integrating AMD technologies and 
approaches to reduce disease occurrence. As we bet-
ter train our workforce, opportunities exist to create 
more effective public health interventions, multipa-
thogen assessments, and guidelines to monitor and 
manage complex pathogens that affect communities.

Moving Forward
Without special consideration when introducing and 
expanding innovative public health technologies, ex-
isting disparities in infectious disease risk can be unin-
tentionally exacerbated, and new disparities can arise. 
Public health efforts should consider populations that 
are disproportionately affected by illness or death 
caused by infectious diseases and mitigate disparate 
health outcomes in those groups. This mitigation can 
be achieved by prioritizing AMD resources, such as 
for rural or medically underserved areas or for patho-
gens that disproportionately affect different communi-
ties. Ensuring that the public health workforce reflects 
the population that it serves can improve overall ef-
fectiveness of control and prevention efforts. An ever- 

evolving field, AMD is transforming public health ac-
tivities, deepening our knowledge of disease transmis-
sion and pathogen resistance mechanisms, and helping 
to resolve outbreaks. Ensuring that AMD technologies 
are used to close gaps in disparate health outcomes 
and prevent new gaps from arising will require strate-
gic planning and implementation, community engage-
ment, continued monitoring, and sustained resources.
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Next-generation sequencing (NGS) technology 
has improved with the introduction of new 

platforms, updated chemistries, advancements in 
bioinformatic analyses, and computational innova-
tions. As targeted and agnostic (e.g., metagenomic) 
sequencing approaches have been introduced, vali-
dation of NGS assays has increased in complexity, 
mostly because of sample type variability, stringent 
quality control criteria, intricate library preparation, 
and evolving bioinformatics tools (1–3). Complex-
ity increases when validations are governed by the 
Clinical Laboratory Improvement Amendments of 
1988 (CLIA) (4).

Performing NGS requires an experienced work-
force to generate high-quality results. Retaining pro-
ficient personnel can be a substantial obstacle because 
of the unique and specialized knowledge required 
of them, which in turn increases costs for adequate 
staff compensation. Akkari et al. (5) found that some 
testing personnel held their positions for <4 years on 

average. In 2021, the Association of Public Health 
Laboratories (APHL) reported that 30% of surveyed 
public health laboratory staff indicated an intent to 
leave the workforce within the next 5 years (6). Addi-
tional barriers may arise when hiring and qualifying 
personnel under regulations such as CLIA and state 
hiring statutes (4).

The Study
In an effort to help clinical and public health labo-
ratories, the Centers for Disease Control and Pre-
vention and APHL collaborated to form the Next-
Generation Sequencing Quality Initiative (NGS 
QI; https://www.cdc.gov/lab-quality/php/ngs- 
quality-initiative/index.html) to address challenges 
associated with implementing NGS in clinical and 
public health settings. NGS QI staff performed an 
initial assessment of needs and identified common 
challenges associated with personnel management, 
equipment management, and process manage-
ment across NGS laboratories (Figure 1; Appendix, 
https://wwwnc.cdc.gov/EID/article/31/13/24-
1175-App1.pdf). Among those challenges was a 
lack of high-quality guidance documents and stan-
dard operating procedures (SOPs) (7). The NGS QI 
found that laboratories were developing in-house 
resources that, although similar in content, con-
tained varying levels of detail (7,8). The Initiative 
provides publicly available tools that can be used 
regardless of platform, agent, or application and 
that satisfy the needs of laboratories whether they 
are implementing NGS initially or refining existing 
workflows (Figure 2; Appendix).

A quality management system (QMS) enables 
continual improvement and proper document 

The Next-Generation  
Sequencing Quality Initiative  

and Challenges in Clinical  
and Public Health Laboratories 
Blake Cherney, Ariel Diaz, Camby Chavis, Christopher Ghattas, Diana Evans, Diego Arambula,  

Heather Stang, on behalf of the Next-Generation Sequencing Quality Initiative

S14	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 31, No. 13, Supplement to May 2025 	

RESEARCH

Author affiliations: Centers for Disease Control and Prevention,  
Atlanta, Georgia, USA (B. Cherney, A. Diaz, C. Chavis,  
C. Gattas, D. Evans, D. Arambula, H. Stang); Booz Allen  
Hamilton Inc., Atlanta (A. Diaz, C. Chavis, C. Ghattas, D. Evans)

DOI: https://doi.org/10.3201/eid3113.241175

The Next-Generation Sequencing (NGS) Quality Initia-
tive addresses laboratory challenges faced when per-
forming NGS by developing tools and resources to build 
a robust quality management system. Here, we illustrate 
how those products support laboratories in navigating 
complex regulatory environments and quality-related 
challenges while implementing NGS effectively in an 
evolving landscape.

https://www.cdc.gov/lab-quality/php/ngs-
https://wwwnc.cdc.gov/EID/article/31/13/24-1175-App1.pdf
https://wwwnc.cdc.gov/EID/article/31/13/24-1175-App1.pdf
http://www.cdc.gov/eid
https://doi.org/10.3201/eid3113.241175


Next-Generation Sequencing Quality Initiative 

management in laboratories. All existing NGS QI 
products undergo a review period every 3 years to 
ensure they remain up to date relative to current 
technology, standard practice of care, and appli-
cable changes in regulations (Figure 3). Previous 
internal surveys and workgroups identified vali-
dation tools as a high-priority task to assist labo-
ratories in ensuring compliance with quality and 
regulatory standards (9). In response, the NGS QI 
created the Pathway to Quality-Focused Testing; 
although it is not a standalone document for devel-
oping an NGS-specific QMS, it complements other 
published tools and resources that address relevant 
topics in depth. Other recently released documents 
are tailored to validation and bioinformatic devel-
opment, ranging from straightforward guidance to 
fillable templates. Since its establishment, the NGS 
QI has seen an increasing interest in NGS method 
validation because most clinical and public health 
laboratories are already using or are beginning to 
implement NGS within their workflows. For that 
reason, many of the NGS QI’s resources assist with 
NGS assays for validation. The most widely used 
documents offered by the NGS QI are QMS Assess-
ment Tool, Identifying and Monitoring NGS Key 
Performance Indicators SOP, NGS Method Vali-
dation Plan, and the NGS Method Validation SOP 
(Table). For example, the use of the Validation Plan 
document guided Orange County Public Health 
Laboratory (Santa Ana, California, USA) in gener-
ating a standard template containing NGS-related 
metrics, thereby reducing the burden on laborato-
ries seeking to perform a validation (10).

The NGS QI develops and crosswalks its docu-
ments with regulatory, accreditation, and profes-
sional bodies (e.g., the US Food and Drug Adminis-
tration [FDA], Centers for Medicare and Medicaid 
Services, and College of American Pathologists) to 
ensure they provide current and compliant guid-
ance on Quality System Essentials (QSE) (Figure 
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Figure 1. Partners and aim of the Next-Generation Sequencing 
Quality Initiative. Partners collaborate to identify and address 
NGS-specific challenges through development of a QMS. 
APHL, Association of Public Health Laboratories; CDC, Centers 
for Disease Control and Prevention; NGS, next-generation 
sequencing; PHL, public health laboratories; QMS, quality 
management system. 

Figure 2. Depiction of Clinical and Laboratory Standards Institute’s 12 QSEs as building blocks for tools and documents available on the 
website (https://www.cdc.gov/lab-quality/php/ngs-quality-initiative/qms-tools-resources.html). QSE, Quality System Essentials.
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3; Appendix) (4,11). To support challenges asso-
ciated with staff training and competency assess-
ment, the NGS QI has published 25 tools for the 
personnel management QSE (e.g., Bioinformatics 
Employee Training SOP) and 4 tools for the as-
sessments QSE (e.g., Bioinformatician Competency 
Assessment SOP); the Initiative also works with 
partners to host or participate in online trainings 
(Appendix). A QMS must be able to adapt to an 
ever-changing environment, including improve-
ments in software and chemistry, which can affect 
how validated NGS assays, pipelines, and results 
are developed, performed, and reported. Even as 
laboratories become more familiar with guidance 
documents and standard practices, there are other  
challenges: information technology cost, curat-
ed databases, developing standards, and newer 
platforms. For example, new kit chemistries from 
Oxford Nanopore Technologies (https://nano-
poretech.com) that use CRISPR for targeted se-
quencing and improved basecaller algorithms us-
ing artificial intelligence, machine learning, and 
duplex data lead to increased accuracy (2). Other 
emerging platforms, such as Element Biosciences 
(https://www.elementbiosciences.com), also show 
increasing accuracies at Q40 with lower costs, 
which might encourage transition from older plat-
forms to new platforms and chemistries (12). Al-
though modernizing is beneficial, transitioning to 
new platforms requires additional resources and 
time to revalidate NGS workflows. Changes in poli-
cies and regulations can also create confusion and 
barriers for laboratories (13). 

Conclusion
NGS is complex, and workflows often differ among 
specialties and sequencing approaches. Despite ad-
vancements in guidance, practice, and technology, 
NGS validation remains challenging. The NGS QI 
generates resources that are written broadly enough 
to benefit an array of laboratories and methods. Lim-
itations in regulatory authority often prevent the de-
velopment of prescriptive guidance. Although NGS 
QI’s tools are applicable to most platforms and ap-
plications, the laboratories using each product may 
have additional quality assurance considerations. 
To keep up with evolving practices, the Initiative 
conducts cyclic review and performs regular or ad 
hoc (if significant changes warrant) updates. How-
ever, the rapid pace of changes in policy and tech-
nology means that regular updates do not always 
resolve challenges. Although completing a method 
validation or revalidation is resource intensive, it is 
important that, once validated, the entire workflow 
is locked down (13). Evaluating technological ad-
vancements is necessary; the shifts in testing needs 
for patient populations, the evolving public-health 
applications, and the ability to modify sequencing 
workflows depend heavily on institutional practices 
and regulatory bodies (i.e., local, state, federal, and 
accrediting organizations). Those factors indicate 
the need for bespoke practices among entities. On 
the path of creating high-quality, reproducible, and 
reliable results, obstacles will continuously arise. It 
is imperative to use a balanced review process to 
implement changes to sequencing workflows and 
stay current relative to the latest advancements, best 
practices, and regulatory requirements, which may 
not always align for practical implementation. As 
the pool of NGS QI’s users continues to grow (Fig-
ure 4), the Initiative will continue adapting to needs 
by creating supporting documents and trainings fo-
cused on the application of the NGS QI documents, 
tools for emerging challenges (e.g., validation of 
machine learning algorithms, agnostic pathogen de-
tection), curated databases, clinical decision tools, 
and frontline diagnostics for clinical and public  
health laboratories.
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Table. Most frequently downloaded documents of the 113 posted 
on the Next-Generation Sequencing Quality Initiative website 
during January–June 2024* 
Document No. views 
QMS Assessment Tool 548 
Identifying and Monitoring NGS Key Performance 
Indicators SOP 

410 

NGS Method Validation Plan 410 
NGS Method Validation SOP 199 
*Total of 11,790 visits to website (https://www.cdc.gov/lab-quality/php/ngs-
quality-initiative/qms-tools-resources.html) during July 2023–July 2024. 
NGS, next-generation sequencing; QMS, quality management system; 
SOP, standard operating procedure.  

 

Figure 3. Depiction of the review and approval process for tools and documents published on the QI website (https://www.cdc.gov/lab-
quality/php/ngs-quality-initiative/qms-tools-resources.html). NGS, Next-Generation Sequencing; QI, quality  
initiative; SOP, standard operating procedures.
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CDC/APHL NGS QUI members and partners have  
provided feedback or insights into quality practices and 
contributed to development of tools and resources.  
Members and partners include participants of the CDC NGS 
Quality Workgroup; Technical Coordinating Committee 
for the Advanced Molecular Detection Platform and NGS 
QI; CDC’s Office of Advanced Molecular Detection; subject 
matter experts from CDC centers, institutes, and offices;  
and many state and local public health laboratories.

This work was supported by CDC’s Office of Advanced 
Molecular Detection (Division of Infectious Disease  
Readiness and Innovation, National Center for Emerging 
and Zoonotic Infectious Diseases). 

CDC internal chatbot (GPT 4) was used to check for  
grammar, synonyms, and punctuation.
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Figure 4. Trends in visits to the 
Next-Generation Sequencing 
Quality Initiative website (https://
www.cdc.gov/lab-quality/php/
ngs-quality-initiative/qms-tools-
resources.html), by quarter, 
2021–2024.
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Since 2013, an increasing number of clinical and 
public health laboratories have adopted next-

generation sequencing (NGS)–based assays (1). The 
genomic data generated from NGS assays often re-
quire a complex analysis workflow built from a va-
riety of bioinformatic software. Because of the wide 
range of software used in workflows, challenges can 
arise when installing software and dependencies, in-
creasing the time and cost of deploying NGS-based 
tests. Some software distribution tools, such as Conda 
(https://anaconda.org/anaconda/conda), provide a 
means to manage the software environment but do 
not provide an isolated and identical environment 
and often require additional steps of installing data-
bases and dependencies. The emergence of software 
container applications has greatly improved NGS 

workflows by encapsulating software and dependen-
cies into publicly available containers, providing a ro-
bust and controlled bioinformatic software solution 
(2,3). Ultimately, software containerization simplifies 
the process of creating and adopting NGS workflows 
and reduces maintenance issues and downtime, sav-
ing time and laboratory resources (4).

Software Containerization
A container is a packaged unit of software that en-
capsulates an application with all necessary depen-
dencies (5). The containers themselves are ephem-
eral and isolated from both the host environment 
and other containers. Those qualities ensure that 
changes occurring within a container are not shared 
across other containers and that they are not affect-
ed by any changes that might occur outside of the 
container. In that way, using containers increases 
reliability and reproducibility, even when multiple 
containers of the same software are running concur-
rently on the same system.

Software containerization approaches rely on 
a container engine, such as Docker (https://www.
docker.com) or Apptainer (formerly Singularity) 
(https://apptainer.org), which oversees the tasks 
associated with creating and using these discrete 
software environments (6). Container images are 
created using a build file that provides a base image 
(an initial state for the environment) and stepwise 
instructions for bundling software code and depen-
dencies. Once the image has been built, it can be used 
locally or hosted on a public resource where the con-
tainer can be released and made publicly accessible. 
Those hosted container images can be downloaded 
and run on a variety of computing infrastructures, 
from laptops to high-performance computing (HPC) 
clusters, greatly simplifying the process of develop-
ment to deployment (7).

Advantages of Software  
Containerization in  

Public Health Infectious  
Disease Genomic Surveillance

Kelsey R. Florek, Erin L. Young, Kutluhan Incekara, Kevin G. Libuit, Curtis J. Kapsak

S18	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 31, No. 13, Supplement to May 2025 	

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

Author affiliations: Wisconsin State Laboratory of Hygiene,  
Madison, Wisconsin, USA (K.R. Florek); State of Utah Department 
of Health and Human Services, Utah Public Health Laboratory, 
Taylorsville, Utah, USA (E.L. Young); Connecticut Department of 
Public Health, Katherine A. Kelley State Public Health Laboratory, 
Rocky Hill, Connecticut, USA (K. Incekara); Theiagen Genomics, 
Highlands Ranch, Colorado, USA (K.G. Libuit, C.J. Kapsak)

DOI: https://doi.org/10.3201/eid3113.241363

Bioinformatic software containerization, the process of 
packaging software that encapsulates an application 
together with all necessary dependencies to simplify 
installation and use, has improved the deployment and 
management of next-generation sequencing workflows 
in both clinical and public health laboratories. Containers 
have increased next-generation sequencing workflow re-
producibility and broadened their usage across different 
laboratories. We highlight the value of the State Public 
Health Bioinformatics community’s containerized soft-
ware repository during the COVID-19 pandemic.
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Recognizing the value of containers, the State 
Public Health Bioinformatics (StaPH-B) commu-
nity developed and actively maintains a repository 
of containerized software (https://github.com/
StaPH-B/docker-builds). The StaPH-B docker-
builds repository is a collection of dockerfiles used 
to build containers of bioinformatics software that 
are commonly used in public health genomic work-
flows. Those containers are publicly available and 
hosted at both Docker Hub (https://hub.docker.
com/u/staphb) and Quay.io (https://quay.io/ 
organization/staphb); total monthly downloads from 
Docker Hub range from 100,000 to >700,000 (Figure 
1). The emphasis on quality assurance and quality 
control in the StaPH-B container repository separates 
the project from other container repositories. Anyone 
can submit a new or updated container to the StaPH-
B repository following the contributing instructions 
on the GitHub repository (https://staphb.org/dock-
er-builds/contribute). Each submission includes a 
test that confirms the functionality of the container 
image, and all pull requests are reviewed carefully by 
the repository maintainers to ensure that the software 
meets the needs and expectations of public health 
laboratories.

Containerization in Genomic Workflows
The reliable and reproducible nature of containers  
is advantageous for public health and clinical labora-
tories. Deploying bioinformatic analytical workflows 
and software in a clinical and public health setting is 

challenging and requires managing computer sys-
tems with capacity for scientific computing work-
loads under regulatory oversight (8). Software con-
tainerization approaches provide key advantages to 
genomic workflows.

Reproducibility 
Containers provide isolated environments that en-
able strict control of both software versions and soft-
ware dependencies (9). Containers follow a naming 
convention that is structured as <public-registry-
name>/<organization>/<software>:<tag>, which 
enables quick identification of the software and a 
specific tag that often indicates version and owner 
information. In addition, some container engines en-
able containers to be referenced by a digest, which is 
a unique and immutable identifier of the container. 
Referencing containers by the digest ensures the 
container environment is unchanged and helps sup-
port regulatory compliance.

Isolation
Containers avoid version conflicts and enable mul-
tiple versions of software or software dependencies 
to be used on the same system. In addition, containers 
provide a separation of data in the container and data 
on the host system (6).

Replicable and Portable 
Containerized software is easily distributed, repro-
ducible, and readily scalable in Cloud or HPC (10). 
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Figure 1. Monthly container 
image downloads across all State 
Public Health Bioinformatics 
containers hosted in Docker 
Hub (https://hub.docker.com/u/
staphb) in study of advantages of 
software containerization in public 
health infectious disease genomic 
surveillance.
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Small databases or reference data can also be incorpo-
rated into containers, ensuring the database is main-
tained and controlled alongside the software.

Practical Application of Containers during  
the COVID-19 Pandemic
During the beginning of the COVID-19 pandemic, 
initiatives were created to enhance genomic surveil-
lance (11), which led to many clinical and public 
health laboratories rapidly developing NGS-based 
surveillance testing to support variant detection. 
During that time, the StaPH-B docker project played 
a critical role in supporting the advancement of bioin-
formatic workflows by providing a reliable resource 
for SARS-CoV-2 sequence analysis containers. The 
StaPH-B container of Pangolin, a critical SARS-CoV-2 
lineage tool, saw an addition of >500,000 downloads, 
from 2,360,607 downloads in 2022 to 2,944,235 down-
loads in 2023 (Figure 2) (12). Similarly, the StaPH-
B container of iVar, a tool for amplicon-based viral 
sequencing, has been downloaded >1,836,046 times 
since it was added in 2020 (Figure 2) (13). The scale of 
downloads from this repository highlights the use of 

these programs in bioinformatic workflows and the 
effect of the project during the pandemic.

One of the largest effects on laboratories was a 
time savings in software installation and manage-
ment, which grows substantially when scaling work-
flows to run in an HPC or Cloud environment. Install-
ing Pangolin and its dependencies using Conda takes 
approximately 3 minutes on a new system, whereas 
downloading and running the StaPH-B container of 
Pangolin takes only 1 minute. Similarly, installing 
iVar takes 4.5 minutes, whereas downloading and 
running the StaPH-B container of iVar takes only 4 
seconds. When using a distributed computing en-
vironment such as an HPC or Cloud environment, 
those time savings become a critical efficiency and 
cost savings. Those times also assume no installation 
issues or conflicts with other software and dependen-
cies, a common occurrence with bioinformatics soft-
ware that can stretch software deployment into days 
or weeks.

In summary, software containerization has rap-
idly changed the landscape of bioinformatics over 
the past 10 years and will continue to be a critical  
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Figure 2. Top container image 
downloads across State Public 
Health Bioinformatics containers 
hosted in Docker Hub (https://
hub.docker.com/u/staphb) in 
study of advantages of software 
containerization in public health 
infectious disease genomic 
surveillance. A) Top 10 overall 
container image downloads 
and their downloads in 2022 
and 2023. B) Top 10 container 
images with the largest increase 
in downloads from 2022 to 2023.
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component of public health genomic workflows for 
the future. The StaPH-B docker project represents 
a community-based effort providing a valuable re-
source of standardized bioinformatic tools, support-
ing reproducibility and regulatory compliance.
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The SARS-CoV-2 pandemic highlighted the impor-
tance and possibility of genomic surveillance for 

outbreak response and pathogen surveillance. The 
massive success of global SARS-CoV-2 sequencing 
projects, producing >17 million genomes (1), reflects 
the collective effort and dedication of the scientific 
and public health communities. That unparalleled da-
taset enabled identification of viral variants and case 
clusters, tracking of viral movements, and enhanced 
understanding of evolutionary principles. Driven by 
increased access to sequencing and analytic technolo-
gies, the age of pathogen intelligence has begun (2). 
That concept involves translating pathogen genom-
ics into actionable knowledge, such as detecting out-
break clusters for transmission intervention (3,4), an-
timicrobial resistance markers to guide treatment (5), 
novel variants to prepare for new pandemic waves 
(6), and characterization of the evolutionary pathway 
of pathogens to identify mitigation opportunities (7). 

Although those applications are invaluable, modern 
genomics and computing power enable further ex-
pansion of genomic surveillance and the creation of 
large-scale pathogen intelligence.

Infectious disease trend estimation could benefit 
from large-scale pathogen intelligence. Case counts are 
often confounded by care-seeking behaviors, especially 
when persons experience mild illness or are asymptom-
atic or when diagnosis is challenging (e.g., environmen-
tal fungal diseases, such as coccidioidomycosis), lead-
ing to substantial underreporting. Statistical models 
can estimate undetected cases by using outside data to 
account for underreporting or nonreportable etiologies. 
However, accounting for underreporting is not a sim-
ple problem, especially when considering the role that 
social inequity has on reporting across space and time.

Pathogen tracking in wastewater was invaluable 
for proactively estimating case trends and tracking 
variants in near real-time across the SARS-CoV-2 
pandemic. Although initially applied to sewersheds 
in London for tracking Salmonella enterica in the 1940s 
(8), the methodology continues to be extended to vari-
ous pathogens. For example, wastewater surveillance 
for enterovirus D68, a nonreportable infection in the 
absence of acute flaccid paralysis, was successfully 
done in urban and rural communities and congregate 
living settings in the latter half of 2022 (D.E. Erick-
son et al., unpub. data, https://www.medrxiv.org/
content/10.1101/2023.11.20.23297677v2). Knowledge 
of community-based trends for enterovirus D68 and 
other respiratory viruses could assist in mitigating 
potential albuterol shortages driven by viral-induced 
asthma exacerbations in children. However, waste-
water surveillance is not a universal solution be-
cause accurate tracking has been less successful for 
organisms that are minimally shed through the gas-
trointestinal and urinary tracts or are highly suscep-
tible to degradation, which results in a suboptimal  
genomic signal.

Genomic Epidemiology  
for Estimating Pathogen  
Burden in a Population
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The role of genomics in outbreak response and patho-
gen surveillance has expanded and ushered in the age 
of pathogen intelligence. Genomic surveillance enables 
detection and monitoring of novel pathogens; case clus-
ters; and markers of virulence, antimicrobial resistance, 
and immune escape. We can leverage pathogen genomic 
diversity to estimate total pathogen burden in populations 
and environments, which was previously challenging be-
cause of unreliable data. Pathogen genomics might allow 
pathogen burdens to be estimated by sequencing even a 
small percentage of cases. Deeper genomic epidemiology 
analyses require multidisciplinary collaboration to ensure 
accurate and actionable real-time pathogen intelligence.
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Genomic Epidemiology to Estimate Pathogen Burden

With increased access to sequencing data, we 
can expand the possibilities of pathogen intelligence 
and usher in a second wave of genomic epidemiol-
ogy. One promising method is phylodynamics, which 
involves leveraging pathogen genomic diversity and 
estimating coalescent rates to estimate disease trends 
(9). For example, our team worked with a remote 
Apache community in Arizona to track a largely iso-
lated SARS-CoV-2 outbreak in 2020 that had a public 
health response driven by near-complete community 
sampling (4). Linear regression showed that genomi-
cally derived effective population size estimates from 
36% of cases with sequenced genomes explained 86% 
of the variation in total case counts over time. How-
ever, we are investigating the role that sampling bias 
might have had on that correlation. Nonetheless, us-
ing phylodynamic methods to estimate disease bur-
den could be invaluable for disease surveillance, en-
abling targeted and cost-effective programs that use 
remnant or prospective samples to estimate real-time 
disease dynamics, on the order of days or weeks, for 
pathogens that measurably evolve on those times-
cales (10). The genomic, public health, and bioinfor-
matic communities must unite to clarify how we can 
routinely translate pathogen genomic signals into in-
formative transmission trends and actionable insight.

At their core, phylodynamic estimations assume 
that, over time, pathogens accrue mutations at a con-
sistent rate, which enables estimation of the evolution-
ary trajectory and rate of coalescence. That principle 
defines a theoretical minimum evolutionary rate com-
bined with genome size or sequenced region relative 
to a pathogen’s generation time. Previously, phylo-
dynamic estimations were primarily confined to vi-
ral systems (11), where higher mutation rates, short 
replication periods, and large populations drive faster 
evolution. However, modern sequencing technologies 
provide larger sequenced regions, so those techniques 
have been used in bacterial systems (12) and will likely 
continue to expand to nonviral organisms.

In addition to evolutionary rates, the pathogen 
system is a critical consideration for phylodynamic 
inferences. In the simplest case, direct and successive 
human-to-human transmission enables phylodynam-
ic estimates to be directly relatable to human disease 
trends (10,13); however, that model is complicated by 
pathogen introductions into populations and long-
term infections. For pathogens with sylvatic cycles, 
phylodynamic estimates from nonhuman sources 
(e.g., vectors) reflect environmental population trends 
and can inform public health risks.

Sampling schemes must be considered because 
variations across space and time are unavoidable in 

most surveillance programs. Elucidating how that 
variation affects phylodynamic inferences and iden-
tifying optimal sampling strategies are critical for the 
larger community. Finally, numerous phylogenetic-
based statistical models exist to conduct those analy-
ses (10,13,14); however, our knowledge of how those 
programs perform on potentially biased or nonrepre-
sentative datasets is limited. In addition to accuracy, 
computational efficiency and sustainability should 
be considered as genomic datasets continue to grow 
and require accurate and fast inferences to provide 
actionable insights. Large-scale multipathogen inves-
tigations are needed to compare the computational 
complexity, sensitivity, and specificity of phylody-
namic estimates across sampling schemes, includ-
ing genomic sequence subsampling and the creation 
of periods with increased or decreased sequencing 
efforts. Those analyses should benchmark findings 
across several phylogenetic-based statistical models 
and compare results to existing measures, including 
statistically modeled cases, because those analyses 
will enable the scientific and public health communi-
ties to precisely identify when phylodynamic infer-
ences provide actionable intelligence.

In summary, genomic epidemiology will con-
tinue to transform the public health and outbreak 
response landscape and highlight the advantages of 
pathogen intelligence gathering. We have the abil-
ity and responsibility to further apply genomic prin-
ciples to the public health world. That expansion of 
principles should involve well-characterized meth-
ods, which requires applied multidisciplinary inves-
tigations across pathogen systems and integration of 
real-world biases into their assessments.
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Multidrug resistance threatens modern medi-
cine and public health by limiting our abil-

ity to effectively treat serious infections (1). Ac-
cordingly, reducing and preventing antimicrobial 
resistance (AMR) is a high priority. Of particular 
concern are carbapenemase-producing organisms 
(CPOs), a subset of multidrug-resistant organisms 
(MDROs) that are resistant to carbapenems—an 

important class of antibiotics typically reserved as 
a last resort—and associated with high mortality 
rates (2). CPOs can transfer their resistance genes 
via mobile genetic elements, like plasmids, across 
multiple species, contributing to the proliferation 
of AMR (3,4). CPOs and plasmids carrying car-
bapenemase genes have the potential to make all  
current antimicrobial drugs ineffective; as such, 
public health prioritizes surveillance and contain-
ment of AMR. Comprehensive strategies critical to 
mitigate AMR, including antimicrobial steward-
ship; prompt, accurate diagnosis, and treatment; 
and infection prevention and control to limit trans-
mission, depend on AMR surveillance data (5–7). 
Recognizing those needs, global and national pub-
lic health agencies advocate for robust AMR sur-
veillance systems providing timely, high-quality 
data to inform global, regional, and local contain-
ment strategies (5,8). By incorporating complemen-
tary data sources, robust AMR surveillance sys-
tems enable early warning of pathogen emergence, 
enhance monitoring of epidemiologic trends, im-
prove detection of outbreaks, and deepen under-
standing of transmission events.

AMR surveillance and cluster investigations 
rely on epidemiology of person, place, and time, 
coupled with the genetic and phenotypic charac-
teristics of suspected pathogens. Whole-genome 
sequencing (WGS) has become a standard method 
for determining genetic characteristics of patho-
gens because it enables more comprehensive AMR 
gene detection compared with traditional PCR-
based methods. WGS also enables full-genome  

Integrating Genomic Data into  
Public Health Surveillance for 

Multidrug-Resistant Organisms, 
Washington, USA

Laura Marcela Torres,1 Jared Johnson,1 Audrey Valentine,1 Audrey Brezak, Emily C. Schneider,  
Marisa D’Angeli, Jennifer Morgan, Claire Brostrom-Smith, Chi N. Hua, Michael Tran, Darren Lucas,  

Joenice Gonzalez De Leon, Drew MacKellar, Philip Dykema, Kelly J. Kauber, Allison Black

	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 31, No. 13, Supplement to May 2025 	 S25

Author affiliations: Washington State Department of Health,  
Shoreline, Washington, USA (L.M. Torres, J. Johnson,  
A. Valentine, A. Brezak, E.C. Schneider, M. D’Angeli, C.N. Hua, 
M. Tran, D. Lucas, J. Gonzalez De Leon, D. Mackellar,  
P. Dykema, K.J. Kauber, A. Black); Public Health Seattle and King 
County, Seattle, Washington, USA (J. Morgan, C. Brostrom-Smith)

DOI: https://doi.org/10.3201/eid3113.241227 1These first authors contributed equally to this article.

Mitigating antimicrobial resistance (AMR) is a public 
health priority to preserve antimicrobial treatment op-
tions. The Washington State Department of Health in 
Washington, USA, piloted a process to leverage longitu-
dinal genomic surveillance on the basis of whole-genome 
sequencing (WGS) and a genomics-first cluster defini-
tion to enhance AMR surveillance. Here, we outline the 
approach to collaborative surveillance and describe the 
pilot using 6 carbapenemase-producing organism out-
breaks of 3 species: Pseudomonas aeruginosa, Acineto-
bacter baumannii, and Klebsiella pneumoniae. We also 
highlight how we applied the approach to an emerging 
outbreak. We found that genomic and epidemiologic data 
define highly congruent outbreaks. By layering genomic 
and epidemiologic data, we refined linkage hypotheses 
and addressed gaps in traditional epidemiologic surveil-
lance. With the accessibility of WGS, public health agen-
cies must leverage new approaches to modernize sur-
veillance for communicable diseases.
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comparisons between isolates through core-ge-
nome single-nucleotide polymorphism (SNP) anal-
ysis. This wider view offers superior resolution 
over traditional methods that only consider a frac-
tion of the genome, such as multilocus sequence 
typing (MLST). That resolution reduces misclassi-
fication and other biases when making inferences 
about transmission events (7,9) and improves our 
ability to differentiate related and unrelated cases 
(10). Taken together, WGS data enable us to de-
tect MDRO clusters earlier and deploy infection  
control interventions more quickly (11,12), detect 
genes associated with AMR, determine whether 
resistance is due to chromosomal mutations or to 
mobile resistance genes (7,13,14), and build ge-
nomic datasets that provide context for prospective  
analyses (11).

Given the potential of WGS to advance routine 
AMR surveillance, we developed and integrated a ge-
nomics-first approach into our AMR surveillance sys-
tem at the Washington State Department of Health. 
Select MDROs, including CPOs, Candida auris, and 
vancomycin-resistant Staphylococcus aureus, are the 
focus of MDRO surveillance in Washington. Within 
this system, MDRO sequencing data, generated by 
Washington Public Health Laboratory (WAPHL) 
via the Centers for Disease Control and Prevention 
(CDC)–funded Antibiotic Resistance Laboratory 
Network (ARLN) testing activities, are ingested into 
recombination-aware bioinformatics pipelines to 
identify genomic relationships. Then, data are passed 
through a workflow that sources and combines sur-
veillance and genomic data. Central to that approach, 
we established communication and reporting proto-
cols to foster collaborative discussion between labo-
ratory and epidemiology programs about inferences 
derived from the different data sources. We piloted 
the approach on 6 historical MDRO outbreaks to ex-
plore congruence between genomically and epidemi-
ologically defined clusters and to assess the additive 
effect of integrating genomic information. Here, we 
present the results of the pilot and show how to use 
the integrated surveillance system to support MDRO 
outbreak investigations prospectively.
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Table 1. Overview of 6 outbreaks of multidrug-resistant organism 
outbreaks, Washington, USA* 
Outbreak 
ID Pathogen 

No. linked 
cases 

No. health 
facilities 

1 Pseudomonas aeruginosa  3 1 
2 Acinetobacter baumannii 5 1 
3 A. baumannii 6 1 
4 A. baumannii 6 1 
5 A. baumannii 5 5 
6 Klebsiella pneumoniae  5 1 
*We determined linkages between cases by epidemiologic evidence. ID, 
identification. 

 

Figure 1. Data flow and cross-team communication channels for our system for integrating genomic data into public health surveillance 
for multidrug-resistant organisms, Washington, USA. This diagram shows how a sample, then data, move through our integrated 
surveillance program. Tasks that are handled jointly across programs are highlighted in white. A) Tasks conducted by Washington Public 
Health Laboratory. B) Tasks conducted by Molecular Epidemiology Program. C) Tasks conducted by Multidrug-Resistant Organism 
Program and local health jurisdictions. 
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Methods
WAPHL, the Multidrug-Resistant Organism Program 
(MDROP), and the Molecular Epidemiology Program 
(MEP) teams at the Washington State Department of 
Health analyzed 6 known MDRO outbreaks across 3 
species, A. baumannii, P. aeruginosa, and K. pneumoniae, 
and multiple health facilities (Table 1). The outbreaks 
were identified through laboratory detection of target-
ed CPOs by clinical laboratories or WAPHL through 
the ARLN; methods are summarized on CDC’s ARLN 
Testing Web site (15). Cases were identified by de-
tection of a carbapenemase in clinical isolates and 
through colonization screening performed for MDRO 
containment response or admission screening. Using 
epidemiologic investigation methods, MDROP and lo-
cal health jurisdictions identified linked cases.

Epidemiologic Data
CPOs are reportable in Washington; public health 
staff investigate all CPOs in partnership with affect-
ed healthcare facilities and manage patient screen-
ing among epidemiologically linked healthcare 
contacts. MDROP partners with local health jurisdic-
tions to perform longitudinal surveillance using an  
Antimicrobial Resistance Information Exchange 
(ARIE), investigate potential clusters, perform con-
tainment responses, and document reported out-
breaks. For this pilot, MDROP provided MEP a 
master list for each of the 6 outbreaks, including epi-
demiologic information about index cases, facility ad-
missions, known epidemiologic linkages, and isolate 
identifiers to link case and sequencing data.

Sequencing and Genomic Analysis
We performed WGS using DNA extracted with the 
MagNA Pure 96 Small Volume Kit on an MP96 sys-
tem (both Roche, https://ww.roche.com) from bac-
terial cultures grown on blood agar (Thermo Fisher 
Scientific, https://www.thermofisher.com) for 24 
hours at 35–37°C. We prepared paired-end DNA  

libraries using the Illumina DNA Prep kit with Nex-
tera DNA CD indexes sequenced on a MiSeq System 
(all Illumina, https://www.illumina.com) using the 
2 × 250 bp (500-cycle) v2 kit. We used the CDC PHoe-
NIx pipeline (https://zenodo.org/record/8147510) 
to perform general bacterial analysis, including 
quality control, de novo assembly, taxonomic clas-
sification, and AMR gene detection. We repeated se-
quencing for samples with <40× average read depth, 
<1 Mb genome size, >500 assembly scaffolds, or >2.58 
assembly ratio SD (Appendix 1 Table 1, https://
wwwnc.cdc.gov/EID/article/31/13/24-1277-App1.
pdf). PHoeNIx outputs feed into the WAPHL Big-
Bacter pipeline (https://github.com/DOH-JDJ0303/
bigbacter-nf), which enables bacterial genomic sur-
veillance by performing phylogenetic analysis and 
differentiating clusters of closely related bacteria 
that are maintained in a personalized database. We 
clustered samples genomically using PopPUNK  
version 2.6.0 as described (16) and calculated accesso-
ry distances and core SNPs within each genomic clus-
ter using the PopPUNK sketchlib functions and Snip-
py version 4.6.0 (https://github.com/tseemann/ 
snippy). We identified and masked recombinant re-
gions in the Snippy output using Gubbins version 
3.3.1 as described (17). We generated phylogenetic 
trees and distance matrices using IQTREE2 version 
2.2.2.6 as described (18) and custom scripts in R (The 
R Project for Statistical Computing, https://www.r-
project.org) and Bash (Free Software Foundation, 
Inc., https://www.gnu.org/software/bash).

We linked the BigBacter genomic outputs to 
metadata attributes queried from our laboratory in-
formation and surveillance systems, enabling joint 
analysis and visualization in R and Nextstrain Aus-
pice (19). We used the phylogenetic trees, SNP ma-
trices, and BigBacter’s cluster designation to identify 
genomic clusters. To explore congruence between 
genomic clusters and epidemiologically defined 
clusters in our pilot, we identified the subset of  
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Table 2. Results of pilot study of genomic and epidemiologic surveillance of outbreaks of multidrug-resistant organism infections, 
Washington, USA* 

Outbreak 
ID Pathogen 

No. health 
facilities  

No. cases, 
n = 36 

No. isolates 
sequenced, 

n = 43 
Epidemiologically 
linked only, n = 5 

Epidemiologically 
and genomically 

linked, n = 32 

Genomically 
linked only, 

n = 6 
1 Pseudomonas aeruginosa 1 5 8† 0 6 2 
2 Acinetobacter baumannii 1 5 6‡ 0 6 0 
3 A. baumannii 1 6 6 0 6 0 
4 A. baumannii 1 7 10† 3 6 1 
5 A.baumannii 5 8 8 0 5 3 
6 Klebsiella pneumoniae 1 5 5 2§ 3 0 
*ID, identification. 
†One case had 3 isolates sequenced and 1 had 2 isolates sequenced. 
‡One case had 2 isolates sequenced. 
§Sample 5 was placed into a separate genomic cluster due to relatively large pairwise genetic differences between this isolate and the remaining 
outbreak 6 isolates, as determined by PopPUNK (16). 
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genomic clusters that grouped cases associated 
with 6 outbreaks defined by MDROP. Then, we 
looked at the union of all sequenced samples in 
relevant genomic clusters (n = 43) and all cases 
identified as part of the 6 epidemiologically de-
fined outbreaks (n = 36). We defined samples as 
follows: genomically linked only, meaning that the 
sequenced sample grouped in a relevant genomic 
cluster and either the core genome sequences were 
closely related (<10 SNPs) or a larger SNP distance 
could be explained by differences in sample collec-
tion dates; epidemiologically linked only, mean-
ing that MDROP had linked a case to an outbreak, 
but that the sequence did not meet the genomically 
linked definition; or epidemiologically and genom-
ically linked, meaning that both MDROP epidemi-
ologists’ assessment and sequencing data grouped 
the case as part of the relevant outbreak. MEP, 
WAPHL, and MDROP met to discuss the findings. 
Communication between our programs helped ad-
dress perceived utility of routine genomic analy-
ses and enabled us to develop processes for ongo-
ing data production, analytics, interpretation, and 
cross-program communication.

Results

Cluster Detection Using a Genomics-First Approach 
To pilot integrated surveillance, we evaluated wheth-
er genomic data and epidemiologic investigations 

grouped the same cases for 6 known, epidemiologi-
cally defined outbreaks. We analyzed 221 sequences of 
P. aeruginosa, A. baumannii, and K. pneumoniae, collect-
ed during December 2017–May 2024; those sequences 
grouped into 48 genomic clusters. Six of the genomic 
clusters were largely concordant with the 6 epide-
miologically defined outbreaks (n = 36 cases). The 6 
genomic clusters grouped 42 sequences, of which 32 
were classified as epidemiologically and genomically 
linked (Table 2; Appendix 1 Figures 1–6). One epide-
miologically linked case grouped into a seventh ge-
nomic cluster with no other linked cases, indicating 
that genomic data did not support the linkage. Al-
though BigBacter groups related sequences, pairwise 
genetic divergence within a cluster can still exceed the 
SNP distance threshold we use to define genomic link-
age. Indeed, 4 epidemiologically linked cases grouped 
into outbreak-related genomic clusters but were not 
considered genomically linked because they diverged 
from other sequenced cases by 14–56 SNPs; that dis-
tance could not be explained by differences in sample 
collection dates (Table 2; Appendix 1 Figures 4, 6). Six 
sequences grouped into relevant genomic clusters with 
minimally divergent core genome sequences, but those 
cases had not been linked to the outbreaks through ep-
idemiologic information; the cases were genomically 
linked only (Table 2; Appendix 1 Figures 1, 4, 5). Our 
findings show general concordance between epidemi-
ologic and genomic clusters and demonstrate instanc-
es where genomic data may refine cluster definitions.
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Figure 2. Timeline showing overlap of Klebsiella pneumoniae carbapenemase–producing K. pneumoniae infection patients in healthcare 
facilities in Washington, USA, as part of study of integrating genomic data into public health surveillance for multidrug-resistant 
organisms. PTs A, B, and C stayed in HF I. PT A might have overlapped with PT C in HF I in 2023; PT B stayed in HF I in 2021. PTs B 
and C both stayed in HF II but at different times, in 2022 and in 2023. PT D stayed at HF III in 2021, where an overlap with PT B might 
have occurred, and in 2022, PT D might have overlapped with PT A in HF IV. PTs E and F who had stayed in HF V could also be related 
to this outbreak. HF, health facility; PT, patient.
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Development of Standard Integrated  
Genomic Epidemiology Reports
We sought to develop mechanisms to jointly analyze 
genomic and epidemiologic data and communicate 
across teams about the inferences. MEP, MDROP, and 
WAPHL discussed the pilot study findings, including 
the utility and limitations of genomic analyses, and 
collectively designed a new data and communica-
tion workflow. The workflow required us to bridge 
siloed data sources (Figure 1); to do so, we program-
matically ingest laboratory identifiers and query the 
surveillance database. Working with MDROP, we de-
termined which epidemiologic information are most 
important for contextualizing genomic information 
(e.g., submitter facility name, submitter county, col-
lection date, etc.). We source, format, and export this 
information as a metadata file that can be overlaid 
onto phylogenetic trees.

MEP and WAPHL iteratively refined the infor-
mation included in the reports to meet MDROP’s 
needs. The current version of the report includes 3 
components. The first component is an automated 
R markdown-based report that parses the BigBacter 
output and metadata to summarize key information, 
such as the total number of sequences per genomic 
cluster, number of new sequences added to previ-
ously identified clusters, submitting health facilities 

and counties, and sequences with close or interme-
diate genomic linkage (Appendix 2, https://wwwnc.
cdc.gov/EID/article/31/13/24-1227-App2.pdf). The 
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Figure 3. SNP matrix showing number of polymorphic sites 
observed when making pairwise comparisons between the core 
genome of the sequences in a cluster of Klebsiella pneumoniae 
carbapenemase–producing K. pneumoniae infection isolates 
as part of study of integrating genomic data into public health 
surveillance for multidrug-resistant organisms, Washington, USA. 
Dark gray represents lower SNP distances and light gray larger 
SNP distances. Diff, difference; PT, patient; ref., reference; SNP, 
single-nucleotide polymorphism. 

Figure 4. Maximum-likelihood 
phylogenetic tree of sequences 
from patients with Klebsiella 
pneumoniae–producing  
K. pneumoniae infection as part 
of study of integrating genomic 
data into public health surveillance 
for multidrug-resistant organisms, 
Washington, USA. Five patients 
(A–E) are shown, and relevant 
HFs are noted. HF, health facility; 
PT, patient.  

https://wwwnc.cdc.gov/EID/article/31/13/24-1227-App2.pdf
https://wwwnc.cdc.gov/EID/article/31/13/24-1227-App2.pdf
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second component is a narrative interpretation of the 
genomic data written by MEP epidemiologists; that 
component alerts MDROP epidemiologists to trans-
mission dynamics consistent with the genomic data, 
such as detection of new introductions or ongoing 
transmission of an outbreak. The final component of 
the report is a Microreact (20) dashboard, where we 
share interactive multipanel figures including SNP 
distance matrices and phylogenetic trees; this type 
of reporting is a standard feature of Washington’s 
AMR surveillance. Among other outcomes, the ap-
proach has improved our understanding of K. pneu-
moniae transmission within a multifacility outbreak 
and helped us ascertain linkages between carbapene-
mase-producing A. baumannii (CRAB) cases that were 
previously unknown. 

Differentiation of Outbreak and Nonoutbreak  
Samples Using Genomic Data
In a prospective analysis of a K. pneumoniae carbapen-
emase–producing K. pneumoniae outbreak involving 

multiple healthcare facilities, epidemiologic investiga-
tion data alone could not clarify how transmission had 
occurred; recent healthcare during the exposure pe-
riod involved multiple cases, some with overlapping 
healthcare stays (Figure 2). Integrating genomic and 
case-level data helped us refine relationships between 
cases and formulate a hypothesis for how cases were 
connected across facilities. MEP and WAPHL reported 
that sequences from patients A, B, and C were close-
ly related (2–3 SNPs) (Figure 3). MDROP confirmed 
epidemiologic linkages among some of those patients 
(Figures 2, 3), but a common link was missing. MDROP 
hypothesized that patients D, E, or F could be the miss-
ing link and requested a review of their sequencing 
results, pending sequencing for patient D. MDROP’s 
reasoning was that patient D might have overlapped 
with patients A and B. Sequencing revealed that pa-
tients E and F had identical core-genome sequences 
but diverged greatly from the other sequenced cases 
(Figure 4). MDROP confirmed an epidemiologic link 
between patients E and F, noting they received care at 
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Figure 5. Maximum-likelihood 
phylogenetic tree showing 
relationships among 33 
carbapenemase-producing 
Acinetobacter baumannii 
isolates with the OXA-235–like 
carbapenemase gene as part of 
study of integrating genomic data 
into public health surveillance for 
multidrug-resistant organisms, 
Washington, USA.
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the same facility and shared staff. The genomic and ep-
idemiologic information helped confirm these patients 
were connected to each other but not related to the out-
break in question. The sequence from patient D, how-
ever, was genomically linked (2–3 SNPs) to sequences 
from patients A, B, and C (Figure 3). The close genomic 
distances and the overlap in healthcare stays with pa-
tients A and B supported the hypothesis that patient D 
was one of the missing links. Patient C’s relationship to 
the outbreak remains unclear; patient C tested positive 
upon admission but reported no healthcare encounters 
before August 2023. Despite that remaining question, 
genomic analyses helped confirm 1 missing link, ex-
cluded 2 patients from this outbreak, and revealed that 
the outbreak was larger than originally thought.

Genomic Data Linking Historical  
Carbapenemase-Producing A. baumannii Cases
We assessed the congruence between epidemio-
logic surveillance data and genomic clustering for a  

retrospective set of CRAB isolates with the OXA-
235–like carbapenemase gene. Two outbreaks were 
known to MDROP at healthcare facilities I and IV. 
First, we reviewed all 33 sequenced CRAB OXA-235 
isolates representing 27 cases collected during Au-
gust 2019–December 2023. We compiled healthcare 
encounters for cases from MDROP’s linelist and ARIE 
and matched 137 admissions across 29 facilities from 
July 2020–May 2024. We visualized genomic analy-
ses and epidemiologic data using vistime and ggtree 
(https://shosaco.github.io/vistime) (21) in R.

We used PopPUNK (16) for genomic clustering; all 
33 isolates were assigned to the same genomic cluster 
(Figure 5). The cluster had a maximum pairwise diver-
gence of 119 SNPs. To identify closer genetic relation-
ships indicative of clonal transmission, we used Big-
Bacter to partition the cluster into groups of sequences 
separated by ≤10 SNPs (22,23), resulting in 12 parti-
tions (Figure 6). Seven partitions contained multiple 
sequences. We defined sequences within a partition 
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Figure 6. Maximum-likelihood 
phylogenetic tree showing 
partitions of 33 carbapenemase-
producing Acinetobacter 
baumannii isolates with the OXA-
235–like carbapenemase gene as 
part of study of integrating genomic 
data into public health surveillance 
for multidrug-resistant organisms, 
Washington, USA. Colors indicate 
12 partitions demarcating seq       
uences separated by <10 SNPs. 
Seven of the partitions contain 
multiple sequences  
and 5 (2, 3, 4, 8, and 12) contain  
            1 sequence.

https://shosaco.github.io/vistime
http://www.cdc.gov/eid
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as genomically linked to each other. In this analysis, 
MDROP defined epidemiologic linkage between cases 
as temporally overlapping visits at the same health-
care facility. We considered 8 facilities that had cases 
with overlapping visits to be facilities of interest (Fig-
ure 7). We categorized cases that were epidemiologi-
cally linked and belonged to the same genomic par-
tition as epidemiologically and genomically linked. 
We evaluated concordance between genomic and 
epidemiologic data by categorizing sequences from 
the 7 partitions as epidemiologically and genomically 
linked, epidemiologically linked only, or genomically 
linked only. Four partitions (1, 5, 9, and 10) included 
21 sequences; we considered 17 of those epidemio-
logically and genomically linked and 4 genomically 
linked only. We classified the sequences in the re-
maining 3 multisequence partitions (6, 7, and 11) as 
genomically linked only; partition 6 contained 2 se-
quences from cases that were not epidemiologically 
linked, and sequences in partitions 7 and 11 were 
from cases missing epidemiologic data (Appendix 1 
Table 1). Five partitions (2, 3, 4, 8, and 12) contained 
only 1 sequence and thus had no evidence of ge-
nomic linkage. Of those 5 sequences, we considered 3  

epidemiologically linked (Appendix 1 Table 2); 2 se-
quences lacked epidemiologic data.

Our results highlight the consistency that ge-
nomically and epidemiologically defined clusters can 
have, as well as how our definition for epidemiologic 
linkage may lack sensitivity and specificity. Indeed, 
detailed retrospective case review prompted by ge-
nomic linkages described by our analysis yielded 10 
epidemiologic links unknown to MDROP.

Discussion
Here, we describe our approach to integrating genom-
ics into our AMR surveillance system and transition-
ing from a pilot assessment to a repeatable workflow. 
Integrating genomic data into AMR surveillance has 
helped us identify additional outbreak cases, sensi-
tively classify outbreak or nonoutbreak cases, and con-
firm hypothesized linkages. Furthermore, we reduced 
silos between programs, fostering collective discussion 
to guide data interpretation and next steps. Building 
on this success, we now perform automated genomic 
cluster detection for all MDRO bacterial pathogens se-
quenced at WAPHL, and we plan to expand this ap-
proach to other surveillance programs.
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Figure 7. Healthcare encounters at facilities of interest among carbapenemase-producing Acinetobacter baumannii OXA-235 cases 
as part of study of integrating genomic data into public health surveillance for multidrug-resistant organisms, Washington, USA. Six 
cases (14, 15, 16, 17, 18, and 19) are linked to a screening event at HF V, and 3 cases (5, 7, and 10) are linked to a screening event at 
HF I. Cases cannot be in 2 or more health facilities simultaneously. However, we only have access to admission and discharge dates; 
therefore, the figure may show some cases in multiple locations at the same time if transfers occurred without an associated admission 
and discharge. HF, health facility.
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Our approach has some notable benefits. First, 
our system characterizes genomic relationships using 
distance-based analysis of sequence data. Although 
national surveillance systems in the United States 
such as PulseNet (24) and TB GIMS (25) have transi-
tioned from MLST, only a predefined set of loci with-
in the core genome are considered, and the set of rel-
evant loci cannot expand on an outbreak-by-outbreak 
basis. Although sequence types delineate whether se-
quences are nearly identical or not, they do not allow 
epidemiologists to directly estimate genetic distances 
between sequences. Second, BigBacter by default 
stores genomic cluster information in a running da-
tabase, providing historical context when analyzing 
new sequences. This is one of the beneficial features 
of systems such as PulseNet, as it enables detection 
of reemerging outbreaks or strains (26), but to our 
knowledge such approaches are rarely implement-
ed and maintained by a single state agency. Finally, 
our system mitigates the bias that can arise when 
sequencing is prompted solely by epidemiologic hy-
potheses. By sequencing MDRO detections regardless 
of outbreak status and identifying clusters given ge-
netic relatedness only, we draft genomics-informed 
hypotheses independent of hypotheses derived from 
epidemiologic investigation data. When findings 
from both data streams are consistent, it strengthens 
our belief that we understand transmission within the 
cluster, whereas discrepancies prompt us to reinvesti-
gate or evaluate gaps specific to each data source. This 
approach stands in contrast to targeted sequencing 
efforts where sequencing occurs only upon request, 
such as when surveillance epidemiologists have de-
fined an outbreak.

Despite those benefits, our integrated AMR sur-
veillance system has some limitations. Ideally, our 
system would include environmental and nonhuman 
isolates to clarify risk for zoonotic and environmental 
transmission of CPOs to humans (13,14). However, 
we lack access to those sample types, and our sys-
tem’s slow turnaround time limits its utility. In our 
system, bacterial sequencing proceeds from cultured 
isolates, resulting in genomic analysis being shared 
≈1 month after carbapenemase detection. By then, 
WGS only provides post hoc confirmation about links 
that have been already identified, rather than real-
time information to inform infection control practic-
es. Finally, WGS is expensive, which could make this 
program unsustainable in the absence of stable and 
appropriate funding.

Through our efforts to develop, test, and deploy 
an integrated AMR surveillance system, MDROP 
can leverage pathogen genomics for public health 

response. During active investigations, MDROP 
can intervene when genomic links are identified, 
guiding actions to improve infection control prac-
tices. Furthermore, by developing this system col-
lectively, our system includes perspectives from 
surveillance epidemiology, molecular epidemiol-
ogy, and bioinformatics and reduces silos between 
teams. Building on initial successes, we continue to 
refine this system to increase the timeliness of ge-
nomic inferences and identify best practices to en-
gage local health jurisdictions.
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The COVID-19 pandemic demonstrated the need 
for large-scale public health response mecha-

nisms including surveillance, laboratory testing, 
and genomic sequencing (1). Public–private part-
nerships can be used to deploy those measures 
rapidly, especially during public health emergen-
cies. During the pandemic, the Centers for Disease 
Control and Prevention (CDC) partnered with  
an airport spa company (XpresCheck, https://
xprescheck.com) and a biotech firm (Ginkgo Bios-
ecurity, https://biosecurity.ginkgo.bio) to develop 
an innovative traveler-based genomic surveillance 
system for early detection of new SARS-CoV-2 
variants. The program expanded from an initial 
proof-of-concept pilot launched during September 
2021 to a dynamic multiairport monitoring system 

during a few days in November 2021, just as the 
Omicron variant was identified (2).

International air travelers move rapidly across 
the globe, bringing the potential to spread com-
municable diseases, thereby making traveler-based 
public health surveillance a critical tool to gain early 
knowledge about the emergence and spread of ex-
isting and new pathogens. During the 20 years be-
fore the COVID-19 pandemic, global traveler-based 
public health surveillance programs were driven by 
more traditional collaborations with academic insti-
tutions and travel medicine clinics to conduct senti-
nel surveillance among travelers (3). Those programs 
provided insights and guidance for traveling popu-
lations and travel medicine clinicians (3). However, 
those programs relied on symptomatic travelers seek-
ing medical care and clinicians ordering appropriate 
laboratory tests, which, if positive, might undergo 
whole-genome sequencing and be reported to public 
health. That screening process takes time and, early 
in the COVID-19 pandemic, its effectiveness was lim-
ited because nearly half of patients with SARS-CoV-2 
infections were asymptomatic (4). As the pandemic 
evolved, many symptomatic persons might not have 
sought healthcare or might have used antigen-based 
self-tests that would not yield a sample for genomic 
sequencing; therefore, new variants emerging in one 
part of the world could go undetected while spread-
ing globally (5). 

In early 2021, US public health authorities sought 
to quickly sequence samples from incoming inter-
national travelers at US airports—not for case iden-
tification or contact tracing, but to gain an early 
snapshot of new SARS-CoV-2 variants entering the 
country. Rapid detection of those variants, which had  
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previously been challenging, was crucial for timely 
analysis and to help adjust mitigation strategies.

The preferences for the proposed genomic sur-

veillance program included infrastructure for recruit-
ing and sampling travelers in airports, voluntary trav-
eler participation, and a rapid turnaround time for 
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Table. Leveraging public–private partnerships to expand CDC’s Traveler-based Genomic Surveillance airport-based pathogen 
monitoring program, September 2021–August 2024* 

Milestones 
2021 

2022 2023 Jan–Aug 2024 Sep 29–Nov 27 Nov 28–Dec 31 
Launch Launched 6-week 

pilot, 
demonstrating 

operational 
feasibility and 
detection and 

genomic 
sequencing of 

SARS-CoV-2 in 
samples from 

travelers 

Expanded pilot for 
Omicron surge; 

identified Omicron 
subvariants BA.2 

and BA.3 six weeks 
before those variants 

were reported 
globally (2) 

Launched airplane 
wastewater pilot at 

JFK (5); 
demonstrated 

retroactively that US 
predeparture test 

requirement during 
COVID-19 pandemic 
reduced postarrival 

positivity by 50% (8); 
enhanced 

surveillance for 2022 
FIFA World Cup (9) 

Expanded coverage of 
flights from China and 

surrounding hubs 
during China’s removal 

of its “zero-COVID” 
policy and subsequent 

surge of cases; 
detected first BA.2.86 

in a traveler from Japan 
(10); detected FLiRT† 

mutations in 
wastewater samples 3 
weeks before reported 

globally 

Launched transatlantic 
airplane wastewater 
pilot in collaboration 
with United Kingdom 

Health Security 
Agency; enhanced 
surveillance during 

Hajj and 2024 
Summer Olympics 

Airports involved EWR, JFK T4, 
SFO 

ATL, EWR, JFK T4, 
SFO 

ATL, EWR, IAD, JFK 
T4, SFO 

ATL, BOS, EWR, IAD, 
JFK T4, JFK T8, LAX, 

SEA, SFO 

BOS, EWR, IAD, JFK 
T4, JFK T8, LAX, MIA, 

SEA, SFO 
Modalities Nasal sampling in 

airport; at-home 
saliva sampling 

with 
questionnaire 

Nasal sampling in 
airport; at-home 

saliva sampling with 
questionnaire 

Nasal sampling in 
airport and traveler 

questionnaire; 
discontinued at-

home saliva 
sampling; airplane 

wastewater sampling 

Nasal sampling in 
airport and traveler 

questionnaire; airplane 
wastewater sampling; 
airport triturator;‡ air 

monitoring 

Nasal sampling in 
airport and traveler 

questionnaire; 
airplane wastewater 

sampling; airport 
triturator; air 
monitoring 

Median (range) 
participants per 
week§ 

535 (19–1395) 1,434 (1,334–1,746) 1,217 (325–3,490) 6,320 (1,689–9,321) 7,249 (4,366–12,628) 

Median (range) 
traveler countries 
of origin per week§ 

1 6 43 (6–87) 123 (56–138) 143 (116–161) 

Wastewater 
samples collected 

0 0 89 417 783 

Air samples 
collected 

0 0 0 95 438 

Laboratory 
methods used 

RT-PCR, 
amplicon-based 

sequencing 

RT-PCR, amplicon-
based sequencing 

RT-PCR, amplicon-
based sequencing, 
target enrichment 

sequencing 

RT-PCR, dRT-PCR, 
amplicon-based 

sequencing, target 
enrichment sequencing 

RT-PCR, dRT-PCR, 
amplicon-based 

sequencing, target 
enrichment 
sequencing 

Pathogen targets SARS-CoV-2 SARS-CoV-2 SARS-CoV-2, 
influenza A and B 

pilot 

SARS-CoV-2, influenza 
A and B, RSV testing of 
nasal samples, air, and 

wastewater; 
Mycoplasma 

pneumoniae testing of 
nasal samples in 

response to global 
outbreak reports; mpox 
testing of airplane and 
triturator‡ wastewater 

Expanded 
multipathogen 

enrichment 
sequencing panel for 

up to 66 viruses 
deployed for 

wastewater samples  

*ATL, Atlanta Hartsfield-Jackson International Airport, Atlanta, Georgia, USA; BOS, Logan Airport, Boston, Massachusetts, USA; CDC, Centers for 
Disease Control and Prevention; dRT-PCR, digital reverse transcription PCR; EWR, Newark Liberty International Airport, Newark, New Jersey, USA; 
FIFA, Fédération Internationale de Football Association; JFK T4 and T8, John F. Kennedy International Airport Terminal 4 and Terminal 8, Queens, New 
York, USA; IAD, Washington Dulles International Airport, Dulles, Virginia, USA; LAX, Los Angeles International Airport, Los Angeles, California, USA; 
MIA, Miami International Airport, Miami, Florida, USA; RSV, respiratory syncytial virus; RT- PCR, reverse transcription PCR; SEA, Seattle-Tacoma 
International Airport, Seattle, Washington, USA; SFO, San Francisco International Airport, San Francisco, California, USA. 
†SARS-CoV-2 variants characterized by specific spike mutations-F to L at position 456 and R to T at position 346-enhancing their transmissibility and 
immune evasion capabilities. 
‡A consolidation point that captures wastewater samples from multiple flights and does not include airport terminal waste. 
§Nasal swab sampling. 
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reporting results, including genomic sequences. The 
Centers for Disease Control and Prevention (CDC) 
learned about an airport-based company that pivoted 
from offering spa services, such as manicures and 
massages, to providing rapid COVID-19 testing for 
outbound US travelers needing to meet international 
entry requirements. A biotechnology company joined 
the initiative to contribute approaches for genomic se-
quencing. The resulting public–private partnership, 
the Traveler-based Genomic Surveillance Program, 
provided flexibility to adjust methods quickly—a 
key advantage of the collaboration. The partner-
ship addressed a critical gap that none of the parties 
could fill independently: developing and deploying 
a scalable early warning system for public health  
genomic surveillance.

Public health agencies often lack the capacity to 
manage operational complexity at the scale that in-
dustry partners bring to the table. The collaboration 
we describe established a traveler-based genomic 
surveillance system that could adapt to the evolv-
ing pandemic, respond swiftly to emerging threats, 
and serve as a novel tool for outbreak detection 
and pandemic preparedness. For example, collect-
ing samples from volunteer travelers required ac-
cess to specific areas of the airport, security clear-
ance for staff, developing a customized process for 
recruiting consenting travelers, and collecting and 
registering samples without interfering with airport 
operations, all while seamlessly integrating into the 
travelers’ journeys. 

When the program expanded to include environ-
mental testing, collecting wastewater samples from 
aircraft necessitated creating a collection device and 
sampling process (6). That creation involved several 
design and testing cycles and negotiations with mul-
tiple stakeholders, including ground handlers, airport 
authorities, airlines, operations teams, and local pub-
lic health agencies. The dynamic pandemic landscape 
required rapid operational scaling, including quick 
staff recruitment and increased testing capacity with-
in hours in response to catalysts, such as rising case 
numbers in certain global regions, countries with lim-
ited sequencing capability, or newly identified vari-
ants (7). In addition, the program needed the ability 
to revert to baseline operations when the acute event 
concluded. In all scenarios, the private sector’s abil-
ity to rapidly develop a prototype, pilot test it, and 
execute new solutions at scale was crucial in enabling 
CDC to achieve its vision and objectives in this arena.

Over the next 3 years, this public–private 
partnership enabled expansion of traveler-based 
genomic surveillance that had tested >600,000  

travelers and >1,200 wastewater samples across 10 
airports by August 2024 (Table). During the expan-
sion, fast turnaround time from sample collection 
to reporting was critical, so the partners built a pro-
cess that provided reporting of PCR results within 
24–48 hours and whole-genome sequencing within 
10 days of collection. The Traveler-based Genomic 
Surveillance Program evolved into a multimodal 
platform that included nasal, aircraft wastewater, 
and air sampling and a comprehensive approach 
for multipathogen detection (11). The private sec-
tor played a crucial role in the evolution of the pro-
gram through scaled technology deployment, rapid 
iterations in response to changing conditions, and 
extending reach into areas typically beyond the tra-
ditional scope of public health.

To address skepticism about motives of pri-
vate firms engaging in public health partnerships 
and the safeguards needed to secure public trust 
(12,13), it is essential to acknowledge concerns 
openly, emphasize shared goals, implement ethi-
cal oversight, prioritize long-term commitments, 
and highlight successful partnerships like those 
implemented during the COVID-19 pandemic (14). 
The World Health Organization’s Global Genomic 
Surveillance Strategy for Pathogens with Pandemic 
Potential 2022–2032 underscores the value of mul-
tisectoral partnerships for its successful implemen-
tation (15). Furthermore, a report by the National 
Academies of Science, Engineering, and Medicine 
on optimizing public–private partnerships for 
clinical cancer research highlights that success-
ful partnerships should focus on the public good, 
address large-scale problems and unmet needs, 
leverage the strengths of each sector beyond what 
either could achieve on its own, and promote the 
generation of information, knowledge, or data for 
the public use (16). The Traveler-based Genomic 
Surveillance program’s public–private partnership 
exemplifies those criteria, demonstrating that mul-
tisectoral partnerships can be vital to public health 
before, during, and after crises.
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The COVID-19 pandemic highlighted the impor-
tance of genomic epidemiology in understanding 

virus transmission and evolution, informing essential 
countermeasures from nonpharmaceutical interven-
tions to vaccines. Massive global efforts in SARS-
CoV-2 genomic surveillance were made possible by 
widespread diagnostic testing and the growth of new 
infrastructure and methods for sequencing and anal-
ysis (1). Most genomic surveillance pipelines in the 
United States obtained residual SARS-CoV-2–positive 
samples from clinical, public health, and commercial 
laboratories. That strategy was effective during the 
pandemic but difficult to maintain with the rise of at-
home rapid antigen tests (2,3). As traditional sample 
sources declined, our group and others demonstrated 
that residual samples from rapid antigen tests could 
be used to generate and analyze full SARS-CoV-2 se-
quences for genomic surveillance (4–6).

In this study, we build upon that work by iden-
tifying, sequencing, and analyzing other respiratory 
viruses using residual swab samples from negative 
BinaxNOW COVID-19 antigen tests (Abbott, https://
www.abbott.com). This multivirus approach is key 
because SARS-CoV-2 has transitioned to an endemic 
virus whose symptoms resemble those of other respi-
ratory viruses (7). Thus, there is both a need for broad 
testing and an opportunity to expand genomic sur-
veillance for respiratory viruses using self-collected 
samples.

Methods
In brief, participants were enrolled in a parent study 
evaluating novel viral diagnostic tests through the 
RADx program at the Atlanta Center for Microsys-
tems Engineered Point-of-Care Technologies (At-
lanta, GA, USA). The study protocol was approved 
by the Emory University Institutional Review Board 
and the Grady Health Research Oversight Committee 
(both in Atlanta). We performed RNA metagenomic 
sequencing as described (8), obtaining a median of 
5.8 million reads per sample (Appendix 1, https://
wwwnc.cdc.gov/EID/article/31/5/24-1191-App1.
pdf; Appendix 2, https://wwwnc.cdc.gov/EID/
article/31/5/24-1191-App2.xlsx). We used a 3-step 
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Genomic epidemiology offers insight into the trans-
mission and evolution of respiratory viruses. We used 
metagenomic sequencing from negative SARS-CoV-2 
rapid antigen tests to identify a wide range of respiratory 
viruses and generate full genome sequences. This pro-
cess offers a streamlined mechanism for broad respira-
tory virus genomic surveillance.
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bioinformatic approach to detect viruses (Appendix 
1 Figure 1) using KrakenUniq (https://gihub.com/
fbreitwieser/krakenuniq), blastn (https://blast.ncbi.
nlm.nih.gov, and reference mapping (https://github.
com/briannajeanne/metagen/tree/main). Our fi-
nal criterion required coverage of >10% of the viral 
genome, or reads mapping to >3 nonoverlapping re-
gions of the viral genome with >80% identity, simi-
lar to clinical diagnostic criteria that have previously 
been used for metagenomic sequencing (9).

Results
We collected negative BinaxNOW test samples 
from 53 persons during April–August 2023 (Ap-
pendix 1 Table), a period during which 68% of the 
BinaxNOW tests in the parent study were negative. 
All persons were symptomatic at the time of testing 
(Table), and the median interval between symptom 
onset and testing was 2 (range 0–9) days. Reverse 
transcription PCR (RT-PCR) was positive for influ-
enza B in 3 samples and negative for influenza A, 
respiratory syncytial virus, and SARS-CoV-2 in all 
samples (Appendix 2).

Metagenomic sequencing identified a low level of 
SARS-CoV-2 in 1 sample and a different pathogenic 
human respiratory virus in 17 (33%) of the other 52 
samples (Appendix 2). We detected parainfluenza vi-
ruses (n = 7), rhinoviruses (n = 5), influenza B (n = 3), 
seasonal coronaviruses (n = 2), and adenovirus (n = 
1) (Figure 1). In 1 sample, we detected both influenza 
B and parainfluenza 2. In another sample positive for 

influenza B by RT-PCR, metagenomic sequencing did 
not identify influenza but identified human mastade-
novirus E. Thus, excluding SARS-CoV-2, we detected 
a total of 18 viruses across 17 samples.

The duration of time between sample collection 
and nucleic acid extraction was similar for sam-
ples with a virus detected (median 6 [range 4–12] 
days) and samples with no virus detected (medi-
an 7 [range 5–19] days). RT-PCR for RNase P was 
positive in all samples tested, and the percentage 
of human reads was similar between samples with 
and without viruses detected (p = 0.07 by Mann-
Whitney U test) (Appendix 2). We saw no differ-
ence in the total number of reads obtained for sam-
ples with and without viruses detected (p = 0.29 by 
Mann-Whitney U test).

We compared potential differences in symptoms 
between persons in whom a virus was detected and 
those in whom no virus was detected and observed 
the following disparities: congestion (83% vs. 63%), 
sore throat (78% vs. 54%), chills (61% vs. 37%), and 
headache (72% vs. 49%) (Table). However, none of 
those differences were statistically significant. The 
time between symptom onset and testing was simi-
lar between persons with a virus detected (median 2 
[range 0–9] days) and those without a virus detected 
(median 2 [range 0–6] days).

Of the 18 viruses detected, we generated full 
viral genome sequences from 11 (61%) with >90% 
coverage and 71- to 24,000-fold depth (Appendix 
2). Those 11 sequences consisted of parainfluenza 
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Table. Participant symptoms in study of respiratory virus detection and sequencing from SARS-CoV-2–negative rapid antigen tests* 

Symptom Total participants, N = 53 
Participants with a virus 

detected, n = 18† 
Participants with no virus 

detected, n = 35 
Upper respiratory 47 (88.7) 17 (94.4) 30 (85.7) 
 Congestion/runny nose 37 (69.8) 15 (83.3) 22 (62.9) 
 Sore throat 33 (62.3) 14 (77.8) 19 (54.3) 
 Loss of sense of taste or smell 7 (13.2) 2 (11.1) 5 (14.3) 
Lower respiratory 43 (81.1) 15 (83.3) 28 (80.0) 
 Cough 39 (73.6) 15 (83.3) 24 (68.6) 
 Shortness of breath 23 (43.4) 6 (33.3) 17 (48.6) 
Gastrointestinal 15 (28.3) 6 (33.3) 9 (25.7) 
 Vomiting 4 (7.6) 3 (16.7) 1 (2.9) 
 Nausea 11 (20.8) 2 (11.1) 9 (25.7) 
 Diarrhea 2 (3.8) 1 (5.6) 1 (2.9) 
 Abdominal pain 7 (13.2) 2 (11.1) 5 (14.3) 
Systemic 35 (66.0) 13 (72.2) 22 (62.9) 
 Fever, temperature >100.4 °F 18 (34.0) 7 (38.9) 11 (31.4) 
 Chills 24 (45.3) 11 (61.1) 13 (37.1) 
 Fatigue 27 (50.9) 11 (61.1) 16 (45.71) 
Other 41 (77.4) 16 (88.9) 25 (71.4) 
 Headache 30 (56.6) 13 (72.2) 17 (48.6) 
 Joint pain 14 (26.4) 3 (16.7) 11 (31.4) 
 Muscle pain 31 (58.5) 10 (55.6) 21 (60.0) 
*Values are no. (%) participants reporting each symptom at the time of testing. For symptom categories, the number of participants with >1 symptom in 
that category is reported. 
†Includes 1 person in whom SARS-CoV-2 was detected at a low level and 17 persons in whom an alternative human pathogenic respiratory virus was 
detected. 
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3 (4/4 samples), parainfluenza 2 (1/2), rhinovirus 
(5/5), and influenza B (1/3).

We performed phylogenetic analysis of parain-
fluenza 3 as a proof-of-concept for genomic epide-
miology studies and found substantial diversity. Us-
ing the lineage classification system described in Lee 

et al. (10), 2 of our sequences clustered with lineage 
A1 sequences from 2019–2023 (Figure 2, panel A), 
another clustered with lineage C sequences from Ja-
pan in 2023, and the fourth with lineage C sequences 
from the United States collected during 2015–2017 
(Figure 2, panel B), all with high bootstrap support  
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Figure 1. Frequency of human pathogenic respiratory viruses found in 53 residual samples from SARS-CoV-2–negative BinaxNOW 
tests (Abbott, https://www.abbott.com) in study of respiratory virus detection and sequencing from negative rapid antigen tests. Pie 
charts indicate the number of samples positive for each virus among all samples (A) and among the 18 positive samples (B). Numbers 
indicate the number of samples with a virus identified, followed in parentheses by the number of samples with a >90% complete genome 
sequence assembled.

Figure 2. Phylogenetic analysis of parainfluenza 3 virus sequences in study of respiratory virus detection and sequencing from SARS-
CoV-2–negative rapid antigen tests. The names of sequences obtained in this study are bold and in red, and reference sequences are in 
black. The outer ring indicates virus lineage. A) Representative sequences from lineage A1; B) representative sequences from lineages 
C, E, F, and G. Each tree is a maximized parsimony subtree using downsampled data from the full analysis in Appendix 1 Figure 2 
(https://wwwnc.cdc.gov/EID/article/31/5/24-1191-App1.pdf), for ease of visualization. GenBank accession numbers are provided for 
reference sequences. Scale bars indicate number of substitutions per site. 
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(Appendix 1 Figure 2). Of note, only ≈450 complete 
parainfluenza 3 virus sequences are available; the 
data from our small study represent nearly 1% of this 
number, underscoring the opportunity to easily ex-
pand genomic surveillance using this approach.

In addition to human pathogenic respiratory vi-
ruses, we detected >100 viruses of no clinical signifi-
cance, including bacteriophages and plant viruses, 
many of which were also detected in our negative 
controls (Figure 3; Appendix 1 Figures 3, 4). Simi-
larly, we found mastadenovirus C in about one third 
of all samples and negative controls, all with low ge-
nome coverage (Appendix 3, https://wwwnc.cdc.
gov/EID/article/31/5/24-1191-App3.xlsx). Those 
findings are all consistent with environmental or re-
agent contaminants. Herpesviruses were reported in 
many samples by KrakenUniq and blastn but gener-
ally were not confirmed by reference mapping. One 

adult participant had confirmed detection of human 
herpesvirus 6, which, given the participant’s age, 
more likely reflects latent virus than acute infection. 
Overall, 1,367 viral taxa were identified by Kraken 
Uniq, only 254 (18.6%) were confirmed by blastn, and 
only 137 (53.9% [10% of total]) met our criteria for de-
tection (Appendix 3), highlighting the importance of 
confirmatory steps in metagenomic analysis.

Discussion
Our study demonstrates that RNA metagenomic se-
quencing of residual swab samples from negative 
BinaxNOW COVID-19 tests can be used to detect a 
broad range of respiratory viruses, including rhino-
viruses, parainfluenza viruses, influenza B, seasonal 
coronaviruses, and adenovirus. All of those viruses 
have overlapping symptoms, both with one another 
and with SARS-CoV-2, underscoring the need for 
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Figure 3. Plot of the viral taxa (rows) that were detected in each sample (columns) in study of respiratory virus detection and 
sequencing from SARS-CoV-2–negative rapid antigen tests. A) Results from samples used in this study; B) results from negative 
controls. Dark blue boxes indicate viruses that were detected by both KrakenUniq (https://github.com/fbreitwieser/krakenuniq) and blastn 
(https://blast.ncbi.nlm.nih.gov/Blast.cgi?PROGRAM=blastn&PAGE_TYPE=BlastSearch&LINK_LOC=blasthome) and were confirmed 
by reference mapping (covering >3 distinct regions or 10% of the reference virus genome). Light blue boxes indicate viruses that were 
detected by both KrakenUniq and blastn but not confirmed by reference mapping. This figure only includes results for which >1 read 
mapped to a reference genome sequence. Further detail including sample identifiers is shown in Appendix 1 Figures 3,4 (https://wwwnc.
cdc.gov/EID/article/31/5/24-1191-App1.pdf).

https://wwwnc.cdc.gov/EID/article/31/5/24-1191-App3.xlsx
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https://blast.ncbi.nlm.nih.gov/Blast.cgi?PROGRAM=blastn&PAGE_TYPE=BlastSearch&LINK_LOC=blasthome
https://wwwnc.cdc.gov/EID/article/31/5/24-1191-App1.pdf
https://wwwnc.cdc.gov/EID/article/31/5/24-1191-App1.pdf
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multivirus testing approaches. Although our study 
was not designed for clinical diagnosis, metagenomic 
sequencing is increasingly used clinically, and our 
results illustrate the need for rigorous analysis tech-
niques and careful interpretation.

Of note, only 33% of samples had a human 
pathogenic respiratory virus. This finding is simi-
lar to that of our previous study, in which alterna-
tive respiratory viruses were detected in only 40% of 
SARS-CoV-2–negative persons using residual clinical 
samples early in the pandemic (8). Possible explana-
tions include persons with a noninfectious syndrome, 
a bacterial or other nonviral infection, or a virus pres-
ent at a low level. Some persons could also have been 
infected with a DNA virus not optimally captured by 
RNA sequencing. However, we detected adenovirus, 
the most prevalent respiratory DNA virus. Among 
common RNA viruses, we did not detect influenza A 
or respiratory syncytial virus, which we attribute to 
the winter-predominant seasonality of these viruses, 
whereas our samples were collected in spring and 
summer.

Of note, of the 18 viruses detected, we were able 
to generate full viral genome sequences from 11 (61%) 
using moderate sequencing depths. Thus, the single 
laboratory technique of metagenomic sequencing can 
not only identify diverse respiratory viruses but also 
contribute to their genomic surveillance. The surpris-
ingly high depth of genome coverage achieved for 
many sequences indicates that throughput and cost 
can be improved by reducing total sequencing reads 
from each sample in future studies.

By combining metagenomic sequencing with the 
use of residual antigen test samples, we demonstrate 
a mechanism for convenient and broad respiratory 
virus surveillance. Our study used BinaxNOW tests, 
which conveniently preserve the used swab within 
the kit cassette; future work is needed to evaluate 
this approach using rapid antigen test strips them-
selves, as previously demonstrated for SARS-CoV-2 
sequencing (5). In addition, future studies would 
benefit from a regulatory framework in which, after 
rigorous analysis and careful interpretation, clini-
cally significant results can be returned to study par-
ticipants, who are likely curious about the presence of 
other respiratory viruses when rapid antigen testing 
is negative for COVID-19. In conclusion, our study il-
lustrates that residual samples from self-collected an-
tigen tests can be a powerful sample source for inves-
tigating the genomic epidemiology of a broad range 
of respiratory viruses, building upon the strong foun-
dations for viral surveillance established during the 
COVID-19 pandemic.
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SARS-CoV-2, the causative virus of the COVID-19 
pandemic, has demonstrated the ability to evolve 

into novel variants. The Omicron (B.1.1.529) variant, 
detected in late 2021 in southern Africa, was deemed 
a variant of concern by the World Health Organization 
and soon became dominant in the United States and 
worldwide (1). Omicron lineages are defined by ≈60 
mutations, 32 of those in the spike protein, that have 
granted evolutionary advantage over co-circulating 
variants because they enhance intrinsic transmissibility 

and immune escape (1–4). New Omicron sublineages, 
as well as recombinants, have subsequently emerged 
(5,6). Furthermore, the complex mosaic of immunity 
in the human population, likely caused by different 
levels of vaccination or previous infection, indicates 
the landscape for SARS-CoV-2 variant emergence has 
changed since the start of the pandemic. With ongoing 
variant emergence, changing patterns of spread must 
be elucidated, because those patterns have consider-
able implications in prevention and mitigation plans.

Recent advances in virus sequencing and phy-
logenetics has enabled the timely use of large-scale 
phylogenetic analyses to determine SARS-CoV-2 
dynamics (7). Studies have been conducted globally, 
including in Brazil (8), The Gambia (9), and New 
Zealand (10), to explore the origins, emergence, and 
dynamics of SARS-CoV-2 variants. In the United 
Kingdom, multiple analyses of national-level spread 
from major population centers have been conducted, 
showing early spread from the origin(s) of introduc-
tion and the seeding and subsequent local transmis-
sion to new locations (11–14). Furthermore, studies 
in the United States have shown the increased risk 
for virus importation among states compared with 
international origin (15), the importance of super-
spreading events promoting early transmission (16), 
and effects of international introductions of the Al-
pha variant (17).

We used a Bayesian discrete phylogeographic 
framework to determine the introduction and spread 
of a novel SARS-CoV-2 lineage into different re-
gions of the United States. We focused on Omicron 
sublineage BA.5 during its global emergence period 
within the first 6 months of 2022 because of its rapid 
national spread, long-term persistence, and public 
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ous emergence of novel SARS-CoV-2 variants. Ques-
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health importance (Figures 1, 2). Omicron sublineage 
BA.5 established itself during times of lower SARS-
CoV-2 incidence and remained prominent until the 
end of 2022 (Figure 1) (18). However, BA.5 never 
achieved complete dominance in the United States, 
co-circulating instead with other major Omicron 
sublineages, such as BA.2.12.1, BA.4, and XBB.1 (5). 
Moreover, BA.5 dissemination occurred on the back-
ground of a highly immune population because of 
vaccination and previous infections with other Omi-
cron sublineages (5,19). Newer variants are likely to 
be introduced onto a similar immune landscape; thus, 
the dynamics of BA.5 introductions and dissemina-
tion offer a useful case study for how new lineages 
might spread across the United States. Furthermore, 
because most social and travel restrictions have been 
lifted and data streams have become more limited, 
clarifying within-country spread will enable targeted 
surveillance activities in the future. 

Methods

Dataset Generation
To define our study period, we balanced having a 
large enough time period to cover key events with 
avoiding an intractably large final dataset. There-
fore, we compared the frequencies of Omicron BA.5 
with other variants in each continent and selected 
the week for which every continent had a BA.5 fre-
quency of >25% (week commencing June 13, 2022). 
That cutoff is somewhat arbitrary, but the speed of 
BA.5 spread on a continental level meant that chang-
ing the threshold only resulted in a few weeks’ dif-
ference either way (e.g., changing it to 50% added 2 
weeks to the dataset; changing to 10% resulted in 1 
week less).

We assembled a dataset of BA.5 whole-genome 
sequences sampled in the United States and globally 

during the inferred emergence period, estimated to be 
during February–June 2022. First, we downloaded all 
sequences that had complete location and collection 
date metadata from GISAID (https://www.gisaid.
org) and had the BA.5 pango lineage designation (20). 
We then used Nextclade (21) to filter for low-quality 
control score and genome coverage of <70%. To miti-
gate sampling bias, we categorized global BA.5 data 
by continent. 

Within the United States, the genomic surveil-
lance policy is largely decided by the individual 
state, causing potential bias in data from each region 
(22,23). To ameliorate that disparity, we divided the 
country into 10 regions according to the locations 
of the 10 regional offices of the US Department of 
Health and Human Services (DHHS) (Figure 3). To 
account for possible selection bias from that heteroge-
neity, we subsampled the full dataset in 1-week win-
dows proportional to the population of each region. 
We chose to use population because case counts are 
also biased between and within countries (especially 
those as large as the United States) because of varying 
availability of resources and case definitions. We felt 
this choice was appropriate for SARS-CoV-2 because 
so much of each country’s population was infected; 
thus, in this specific case, we decided that population 
was a less biased metric on which to base our subsam-
pling scheme than case counts. Specifically, we used 
the population proportion of the region, either global 
continent or US region, and multiplied by the total 
number of BA.5 genomes to find 1 fixed number of 
genomes (selected every week for that region). The 
final dataset selected for analysis consisted of 18,529 
sequences, 9,350 from the United States and 10,258 
from non-US countries (Table). For the emergence 
period, the earliest sample was collected on February 
25, 2022, whereas the latest sample was collected on 
June 19, 2022.
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Figure 1. Number of estimated 
weekly SARS-CoV-2 infections 
in study of large-scale genomic 
analysis of Omicron BA.5 
emergence, United States, 
January 2022–June 2022. 
Source: https://covidestim.org

https://www.gisaid.org
https://www.gisaid.org
http://www.cdc.gov/eid
https://covidestim.org
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Phylogeographic Analysis
We performed multiple sequence alignments by us-
ing the Nextclade tool, Nextalign (21), and Wuhan-
Hu-1/2019 as the reference genome (GenBank ac-
cession no. MN908947.3). We then constructed a 
maximum-likelihood phylogenetic tree by using IQ-
TREE version 2.2.2 (24), the Hasegawa-Kishino-Yano 
nucleotide substitution model (25), and outgroup root-
ing on the MN908947 reference genome. We assessed 
the temporal signal by using TempEST version 1.5.3 (26) 
and found the timeframe for the dataset was too short 
to have a strong temporal signal (Appendix Figure 
1, https://wwwnc.cdc.gov/EID/article/31/13/24-
0981-App1.pdf). We were still able to prune molecular 
clock outliers (27) by using jclusterfunk version 0.0.25 
(https://github.com/snake-flu/jclusterfunk).

Because of the large size of the genomic dataset, 
we used the alternative tree likelihood function in 

BEAST version 1.10.4, which was developed for ef-
ficient estimation of large phylogenies (13,28). We 
used maximum-likelihood trees described previously 
for the topologic estimation and time-calibrated those 
trees approximately by using TreeTime version 0.9.4 
(29) to reduce the percentage of states that needed to 
be discarded for burn-in.

Because of the low temporal signal in the dataset, 
we fixed the clock rate at 8 × 10–4 substitutions/site/
year, as previously described (30–32). We used the 
nonparametric Skygrid coalescent model (33) with 23 
grid points defined according to approximately equal 
intervals within the global emergence period. We ran 
2 Markov chain Monte Carlo chains for 1 billion itera-
tions each to ensure convergence with the same part 
of the posterior distribution. We used Tracer version 
1.7.1 d to assess convergence after run completion and 
discarded 10% of Markov model states for burn-in (34).
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Figure 2. SARS-CoV-2 variant 
frequency during January–June 
2022 in study of large-scale 
genomic analysis of Omicron 
BA.5 emergence, United States.

Figure 3. Ten regions of the 
United States evaluated in 
large-scale genomic analysis 
of SARS-CoV-2 Omicron BA.5 
emergence. Regions have 
been designated by the US 
Department of Health and 
Human Services (https://www.
hhs.gov/about/agencies/regional-
offices/index.html).

https://wwwnc.cdc.gov/EID/article/31/13/24-0981-App1.pdf
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We chose 1 random tree from the post–burn-in 
posterior distribution from the previous analysis to 
use as the fixed tree in a discrete trait analysis. We 
analyzed 2 separate geographic scales: 1 analysis at 
the global level, which included 6 continents (Africa, 
Asia, Europe, North America without the United 
States, Oceania, and South America) and the United 
States as a country; and 1 analysis at the US national 
level, which included 10 DHHS regions using the con-
tinental dataset as background global context. In both 
analyses, we used an asymmetric continuous-time 
Markov chain to estimate transition rates between 
locations. Each chain ran for 2 million states; we dis-
carded 10% of Markov model states for burn-in.

For the international analysis, we used custom 
Python scripts to estimate the average number of in-
troductions across each tree in the posterior distribu-
tion and then selected a final tree closest to that av-
erage number. For the domestic analysis, we chose a 
random tree in the posterior distribution to maintain 
stability of clades within the United States across the 
analysis. We defined an introduction event as the 
point in which a node is in a different location than its 
parent, either originating from another continent into 
the United States (for international introduction) or 
between US regions (for domestic analysis). We did 
not account for reintroduction within the same clade; 
thus, once the location changed to the United States, 
that clade was counted as only 1 introduction event. If 
a node in 1 subtree coincided with a node in another 
subtree, we only counted the node that had the older 
root and eliminated the other. We determined the size 
of an introduction to be the number of sequences that 
immediately followed a change in location within a 

node. We estimated the time of introduction as half-
way between the first US/domestic location node 
and its parent. We generated figures by using custom 
Python scripts and trees by using the Baltic Python 
package (https://github.com/evogytis/baltic).

To examine drivers of BA.5 domestic spread, we 
constructed a linear regression model that incorpo-
rated geographic proximity and population. Within 
the model, the proportion of directional domestic 
introductions between a pair of US regions was the 
outcome; the 2 independent variables were the bi-
nary neighboring relationship between that pair and 
the numeric total population of the 2 regions. We ob-
tained population data from the US Census Bureau 
(https://www.census.gov).

Travel Data
To examine possible factors affecting BA.5 spread in 
different US regions, we collected data for monthly 
international and domestic air travel into US states 
during February–June 2022 (34). Those data were 
adjusted air passenger estimates, sampled according 
to ticket sales and reporting from airline carriers and 
assumed to represent 100% of the market. Adjusted 
travel volume represents the aggregate number of 
passenger journeys, not necessarily unique persons. 
We defined passenger journeys as airline transport 
between original embarkment and disembarkment in 
the United States. Both direct and indirect (i.e., con-
necting) flights were included.

Data Availability
The flight travel volume data were provided by OAG 
Aviation Worldwide Ltd. OAG Traffic Analyser, ver-
sion 2.6.1 (http://analytics.oag.com/analyser-client/
home; accessed 2023 Apr 24). The data were used un-
der the US Centers for Disease Control and Preven-
tion license for the current study and so are not pub-
licly available. The authors are available to share the 
air passenger data upon reasonable request and with 
the permission of OAG Aviation Worldwide Ltd.

We obtained all genomic data from GISAID (ac-
knowledgements table at https://doi.org/10.55876/
gis8.240620dg). The XML files and outputs from the 
BEAST analyses are also available (https://github.
com/grubaughlab/2025_paper_BA.5_United-States).

Results

International Introductions of Omicron BA.5  
Sublineage into the United States
We examined the dynamics of BA.5 global intro-
ductions into the United States by using a discrete 
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Table. Final genomic sequence dataset for BA.5 discrete 
phylogeographical analysis in study of SARS-CoV-2 Omicron 
BA.5 emergence, United States 
Locations No. sequences 
Global 
 Africa 1,579 
 Asia 3,273 
 Europe 1,589 
 North America 1,281 
 Oceania 455 
 South America 1,388 
US regions* 
 1 389 
 2 1,050 
 3 637 
 4 1,814 
 5 1,339 
 6 1,029 
 7 314 
 8 376 
 9 1,637 
 10 379 
*Regions are shown in Figure 3. 
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phylogeographic analysis at the continent level and 
between US regions (Figure 3) and reconstructed in-
troductions across the resulting phylogeny (Figure 4). 
An average of 1,168 (95% CI 1,137–1,198) introduc-
tions occurred from other continents into the United 
States across the posterior distribution of the entire 
period (January 1, 2022, through the week of June 13, 
2022). The inferred time of the first introduction into 
the United States was the second week of February 
2022, nearly 3 weeks before the collection date of the 
earliest US sequence on February 26, 2022 (Figure 
4). During the earlier part of this emergence period 
(until mid-May 2022), most (68%) introductions were 
from international importation (Figure 5), despite air 
travel in the United States being predominantly be-

tween US regions during the study period (domestic 
volume was ≈80% of all air travel volume) (Figure 6). 
After BA.5 became established in the United States in 
mid-May 2022 (Figure 2), 72% of the between-region 
introductions came from domestic sources (Figure 7). 
During the entire study period, most international in-
troductions came from Asia (27.8%), Europe (26.3%), 
and Africa (14.7%) (Figure 8, panel A).

We observed a chronological change in the 
relative dominance of continents as origins of BA.5 
introductions into the United States (Figure 8). In-
troductions from Africa, despite only representing 
14.7% of total BA.5 international introductions, 
comprised 41.9% of all international introductions 
before mid-May 2022. A high rate of introductions 
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Figure 4. Time-scaled 
phylogeographic analysis of 
SARS-CoV-2 Omicron BA.5 
sequences in the United States 
during January–June 2022. 
Analysis of BA.5 emergence 
was conducted by using 18,529 
sequences collected globally 
and in the United States. Purple 
dotted line indicates the inferred 
date of the first introduction. The 
blue dotted line indicates the first 
sample of BA.5 sequenced in the 
United States. Colors indicate 
origin of the BA.5 variant.
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from Africa into all 10 US regions occurred, despite 
low travel volumes (Figure 9; Appendix Figures 2, 
3). Indeed, Africa had the highest ratio of BA.5 in-
troductions per travel volume, at ≈0.3 introductions 
per 1,000 passengers (Figure 9, panel A), likely be-
cause the BA.5 sublineage originated in Africa. As 
BA.5 prevalence increased globally, introductions 
from Europe, Asia, and North America became 
more critical (Figures 4, 5, 8), matching high travel 
volumes from those areas. Therefore, early emer-
gence was determined by the variant’s geographic 
origin, whereas later introductions were connected 
to travel volume.

We examined the effect of timing on the size of in-
ternational introduction events. During the first BA.5 
introduction into the United States in early February 
2022 and its detection ≈3 weeks later, 5 total introduc-
tions occurred (Figures 4, 8). Although 4 of those were 
singletons, 1 introduction from Africa during late 
February contained 3,980 sequences, the largest dur-
ing the entire study period (Figures 8, panel B; Figure 
9, panel B). Cluster size was highest during early in-
troductions and decreased over time (Figure 8, panel 
B). Introduction events from Africa, most occurring 
earlier during the study period, tended to have high 
outbreak clade sizes; 9 clusters had >100 sequences 
(Figure 9, panel B). Introductions from Europe had 
only 4 clusters with >100 sequences; no other global 
regions had clusters of that size (Figure 9, panel B).

We found 2 main phases of BA.5 emergence in 
the United States. Large introductions from Africa 
dominated the early emergence phase before May 
2022. As prevalence increased globally, international 
introductions had greater ties to air travel volume; 
hence, more introductions came from Europe, Asia, 
and North America. Because of a decrease in the sus-
ceptible population and possible behavior changes 
after an uptick in Omicron BA.5 cases, introductions 
from Europe, Asia, and North America did not ex-
pand as much as the earlier events from Africa.

Domestic Movement of Omicron BA.5  
in the United States 
To evaluate BA.5 transmission within the United 
States, we performed a discrete phylogeographic 
analysis using 10 DHHS-defined regions (Figure 3; 
Appendix Table 1). We inferred 3,137 within-country 
introductions across a single posterior tree, ≈70% of to-
tal introductions across the entire study period. Early 
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Figure 5. Numbers and 
timeline of domestic and 
international introductions of 
SARS-CoV-2 Omicron BA.5 
in the United States during 
January–June 2022. 

Figure 6. Air travel volume into different regions of the United 
States in study of large-scale genomic analysis of SARS-CoV-2 
Omicron BA.5 emergence, January–June 2022. Domestic and 
international air travel volume are indicated. Regions designated 
by the US Department of Health and Human Services are shown 
in Figure 3. 
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international introduction events were followed by 
substantial domestic transmission (Figures 4, 5), and 
all 10 DHHS regions received >50% of their introduc-
tions from domestic sources (Figure 6). Those domestic 
movements grew in proportion throughout the study 
period and overtook the number of international in-
troductions (Figures 5), aligning with the high (80%) 
proportion of domestic air travel (Figure 6).

No noticeable geographic structure within the 
phylogeny was observed (i.e., sequences from differ-
ent locations were intermixed, implying frequent in-
terregion transmission during the emergence period) 
(Figure 4). Inspection of the 3 largest and earliest US 
clades, rooted in region 2 (several northeastern states, 
including New York), region 9 (southwestern states, 
including California), and region 4 (southeastern 
states, including Florida) (Figure 10), indicated that 
geographically close locations tended to have more 
interregion movement. Clades from region 2 and 4 
were primarily transmitted to other East Coast re-
gions, and clades from region 9 were transmitted to 
other West Coast and West/Central regions (Figures 
10, 11). Nonetheless, interactions between regions 4 
and 9, and to a lesser extent regions 2 and 5 (including 
Illinois), indicated coast-to-coast spread was a critical 
BA.5 emergence mechanism.

Several key hotspots for transmission existed. All 
DHHS regions had considerably higher introduction 
counts originating from regions 4 and 9 (Figure 12). 
The interaction rate between regions 4 and 9 and oth-
er regions represented 71.6% of total domestic BA.5 
movements (Figure 12). Correspondingly, regions 

4 and 9 also had the highest volumes of both inter-
national and domestic air travel (Figure 6). Region 
1 (New England) had the highest (≈70%) number of 
incoming domestic introductions originating from 
regions 4 and 9 (Figure 12). Therefore, the strong 
transmission from regions 4 and 9 likely underpinned 
BA.5 emergence in the United States. We also theorize 
that region 1 was the top recipient of domestic intro-
duction events because of the higher rate of interstate 
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Figure 7. Total number of introductions of Omicron BA.5 into regions 
of the United States in study of large-scale genomic analysis of 
SARS-CoV-2 BA.5 emergence, January–June 2022. Cumulative 
numbers during the study period are indicated according to domestic 
or international origin. Regions designated by the US Department of 
Health and Human Services are shown in Figure 3. 

Figure 8. Spatiotemporal dynamics of international introductions of SARS-CoV-2 Omicron BA.5 lineage into the United States during 
February–June 2022. A) Numbers and timeline of BA.5 introduction events according to continent. B) Total introduction cluster size 
(number of sequences) of BA.5 international introduction events into the United States during the entire study period. Size was 
determined by the number of sequences per introduction. GISAID, https://www.gisaid.org; tMRCA, time to most recent common ancestor.
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travel between regions 1–3, as well as incoming air 
travel from other regions (Figures 6, 11).

To explore possible underlying drivers of virus 
movement across the United States, we performed 
linear regressions between pairs of locations, using 
population sizes and whether those locations shared 
a border as predictors. We found that the population 
size of the origin location was a significant predictor 
for the number of virus movements between a pair of 
locations (p<0.0001). In comparison, the destination 
population combined with whether the 2 locations 
shared a land border was not a significant predictor 
for virus movement (p>0.1) (Appendix Table 2).

Discussion
As SARS-CoV-2 continues to spread in the United 
States and globally, it will be essential to eluci-
date how new variants disseminate. We found that 
Omicron BA.5 was first introduced into the Unit-
ed States primarily from its geographic origin in  
Africa and then spread domestically from large 
populations and key hotspots, which are common 
between variants.

The earliest BA.5 introductions into the United 
States came from Africa despite low rates of air trav-
el, indicating the importance of a variant’s geographic 
origin. Early introduction events were also much larg-
er than later introductions, which is a common thread 
among the waves of SARS-CoV-2 across the globe, de-
spite different demographic and intervention contexts  

(13). As prevalence rose globally in the later half of 
the study period, a higher proportion of introduc-
tions from Europe and Asia occurred, potentially 
corresponding to higher travel volume (35). Similar 
dynamics have occurred with Delta variant introduc-
tions into the United Kingdom (11). The combination 
of the earliest introductions being the most important 
and later introductions coming from many locations 
makes international travel restrictions challenging 
to implement, even aside from ethical concerns (36); 
the speed required to prevent the most critical early 
introductions from a particular origin, if it is even 
known, is unachievable in most settings.

Domestic transmission played a substantial role 
in BA.5 dissemination in the United States. Whereas 
rates of interregion transmission exceeded those of 
global importation across the entire study period, 
most domestic virus movement occurred during the 
later phase. We show widespread secondary trans-
mission occurred across the United States after the 
initial international introduction, which corroborates 
previous findings indicating SARS-CoV-2 transmis-
sion is driven by domestic dynamics (15,17). The 
domestic BA.5 spread was significantly associated 
with population size of the origin location, which fits 
with previous descriptions of SARS-CoV-2 transmis-
sion starting from large urban centers into other ar-
eas (37,38). Along with geographic proximity being 
somewhat essential, that finding fits a classical grav-
ity model of disease transmission (39).
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Figure 9. Associations between travel from different countries and number and cluster size of SARS-CoV-2 Omicron BA.5 introductions 
into the United States, February–June 2022. A) Linear regresssions indicating associations between the number of introductions into the 
United States from different continents and international travel volume according to that continent. (B) Cluster sizes of BA.5 introductions 
originating from different continents into the 10 Department of Health and Human Services regions of the United States. Regions 
designated by the US Department of Health and Human Services are shown in Figure 3.
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Figure 10. Time-scaled phylogenetic analysis of domestic SARS-
CoV-2 Omicron BA.5 introductions between regions within the 
United States during February–June 2022. Phylogenies of the 3 
largest and earliest US clades are indicated. Trees were rooted 
according to region 2 (A), region 9 (B), and region 4 (C). Regions 
designated by the US Department of Health and Human Services 
are shown in Figure 3. 
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Cross-country BA.5 spread between DHHS re-
gions 2, 4, and 9 highlight the role of specific hotspots 
in promoting BA.5 emergence. Those 3 regions re-
ceived the most introductions from Africa and had 
the 3 largest and earliest US clades, playing a critical 
role in receiving and disseminating early BA.5 intro-
ductions. That finding is similar to the dissemination 
of the SARS-CoV-2 Alpha variant (17); New York, 
New York, received the most introductions from the 
Alpha variant’s origin, followed by California and 
Florida. Therefore, we might expect those regions to 
be critical during future variant introductions. Fur-
thermore, we found that region 1 (New England) was 
the highest recipient of domestic introductions, likely 

from high interaction rates with 2 of the key hotspots 
(regions 2 and 4). We suggest that regions 2, 4, and 9 
were primary hotspots because of their major urban 
centers (e.g., New York, Atlanta, and Los Angeles). 
Those findings fit the description of early virus lin-
eage movements between larger cities, followed by 
spatial expansion into nearby areas (14).

The first limitation of our study is that our sub-
sampling method reflected the broader inequality in 
genomic surveillance worldwide (22,23). We attempt-
ed to minimize those biases through subsampling and 
categorization into broader continents and US DHHS 
regions. Rooting our tree in Africa, despite sequences 
from Europe overwhelming the global dataset, sug-
gests that our attempts to mitigate this international 
bias were somewhat successful. Our categorization into 
larger regions (within and outside the United States) 
might have introduced residual confounding, prevent-
ing exploration of interstate introduction events. We 
also chose to use population size to subsample, rather 
than case-based metrics that might appear more rel-
evant. However, obtaining unbiased incidence/hospi-
talization/death estimates during an outbreak is chal-
lenging, especially when comparing large geographic 
areas, such as the United States or entire continents. 
All data are imperfect sources of information in this 
context because large amounts of heterogeneity exist 
in how those data are recorded because of resource 
limitations, varying case definitions, and political con-
cerns. We therefore used population size, which we 
concluded should be less biased. Second, geographic 
variation in sequencing efforts might have affected our 
cluster size results by artificially increasing the size of 
introductions from Africa compared with Europe (i.e., 
there might be missing sequences from Africa, which 
would split clusters into smaller introductions). Our 
downsampling scheme should have helped mitigate 
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Figure 11. SARS-CoV-2 
Omicron BA.5 movements 
between regions within the 
United States from study of BA.5 
emergence during January–June 
2022. Thickness of the lines 
indicates the prevalence of the 
movement across the maximum 
clade credibility tree; arrows 
indicate direction of introduction. 

Figure 12. Number of domestic SARS-CoV-2 Omicron BA.5 
introductions into each region of the United States in study of 
BA.5 emergence during January–June 2022. Regions designated 
by the US Department of Health and Human Services are 
indicated in Figure 3.
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this limitation, and the pattern of early and large intro-
ductions fits with other settings (13). Third, we defined 
the variant emergence phase according to a frequency 
growth curve to filter for early BA.5 sequences, which 
we deemed essential to our research; that definition 
might not properly reflect the true emergence time for 
a novel variant, although this only changes the length 
of our study period. Finally, we did not test other fac-
tors that might have driven the international introduc-
tion of Omicron BA.5 into the United States, such as 
distance through air networks or income levels.

In conclusion, our findings support the role of 
phylogenetics in SARS-CoV-2 surveillance and con-
tribute a phylogeographic framework for studying 
the emergence of other infectious pathogens in the 
United States. Countries have lifted pandemic restric-
tions and the general population has a mosaic of im-
munity; thus, the epidemiologic landscape presents 
opportunities for positive selection of novel SARS-
CoV-2 variants. Determining the different dynam-
ics of introduction in US regions will be critical for 
timely and cost-effective policymaking, particularly 
for health authorities. Our methods can be used to 
extend beyond SARS-CoV-2 analyses and can form a 
framework for phylogeographic analysis of large da-
tasets to discern the spatiotemporal spread of other 
novel pathogens.
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The emergence and rapid global spread of SARS-
CoV-2 emphasized the need for efficient methods 

of identifying and tracking viral changes as they cir-
culate within communities. Wastewater pathogen ge-
nomic surveillance offers a timely, noninvasive, and 
cost-effective method for detecting pathogen genetic 
material in sewersheds, providing a comprehensive 
snapshot of community transmission dynamics to 
monitor infection trends (1). Wastewater surveillance 
complements clinical surveillance and can identify 
viruses shed by persons who are presymptomatic, 
asymptomatic, or not tested in healthcare facilities, 
making it a robust measure of overall prevalence of 
SARS-CoV-2 lineages in circulation, the early geo-
graphic spread of emerging variants already detected 
in humans, and novel variants of SARS-CoV-2 not yet 
detected in humans (2).

In 2020, the Centers for Disease Control and Pre-
vention (CDC) established the National Wastewa-
ter Surveillance System (NWSS) to track the spread 

of SARS-CoV-2 in wastewater at the local level (3). 
Since then, laboratories in academia and public 
health have made considerable advancements in 
tools for characterizing pathogen genomic variation 
in wastewater (3–6). Through wastewater sequenc-
ing, NWSS monitors genetic variation in SARS-
CoV-2, identifying variants and mutations that may 
affect disease severity or efficacy of PCR-based diag-
nostics, vaccines, or therapeutics (3). To enable time-
ly, reproducible, and high-throughput analyses of 
wastewater sequence data for SARS-CoV-2 monitor-
ing, NWSS collaborated with CDC’s Scientific Com-
puting and Bioinformatics Services in the Division 
of Infectious Disease Readiness and Innovation, Na-
tional Center for Emerging and Zoonotic Infectious 
Diseases, to develop the bioinformatics pipeline 
Aquascope, modeled after the CFSAN Wastewater 
Analysis Pipeline (C-WAP) (5). Aquascope will re-
place C-WAP on the CDC 1CDP platform, providing 
timely results to jurisdictions and the public. Aqua-
scope is more robust than C-WAP; it includes quality 
metrics and logging features and can be deployed in 
high-performance computing and cloud platforms. 
Implemented in Nextflow, Aquascope uses open-
source, containerized bioinformatic tools for quality 
control, variant identification, and estimation of lin-
eage abundance from tiled-amplicon short-read and 
long-read wastewater sequence data. 
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We conducted retrospective analysis of the emergence 
of the SARS-CoV-2 JN.1 variant in US wastewater during 
November 2023–July 2024 using Aquascope, a bioinfor-
matics pipeline for the National Wastewater Surveillance 
System. This study highlights the value of open-source 
bioinformatics tools in tracking pathogen variants for pub-
lic health monitoring.
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Case Study
As a case study, we sought to retrospectively track 
the spread of the JN.1 variant of SARS-CoV-2, a 
closely related descendant of BA.2.86, first de-
tected in clinical samples in early September 2023 
(2). By early December 2023, JN.1 had become the 
predominant variant in the United States. Using 
Aquascope, we estimated the relative abundance 
of known SARS-CoV-2 lineages from wastewater 
sequence data collected from across the country. 
This activity has been reviewed by CDC and de-
termined to be nonresearch public health surveil-
lance that did not require review through the CDC 
Human Research Protection Office or Institutional  
Review Board.

We used a subset of wastewater surveillance 
data collected by Verily Life Sciences (https://
verily.com) on behalf of NWSS (National Center 
for Biotechnology Information BioProject no. PRJ-
NA1027353) to estimate variant relative abundances. 
By limiting analysis to data from this BioProject, we 
ensured consistency in laboratory methods across 
the data analyzed. We included in our analysis col-
lection weeks with >10 samples, comprising 3,377 
unique samples gathered from 130 sites across 87 
counties in 32 US jurisdictions. The collection period 

was November 13, 2023–July 23, 2024. All samples 
were concentrated, DNAse treated, and reverse 
transcribed before amplification using the NEB Q5 
High-Fidelity PCR kit with ARTIC version 5.3.2 
primers (New England Biolabs, https://www.neb.
com). Sequencing libraries were prepared with the 
NEBNext Ultra II DNA Library Prep Kit and pair-
end sequenced (2 × 300 bp) on the Illumina NextSeq 
2000 (Illumina, https://www.illumina.com).

We processed raw sequencing data using 
Aquascope version 2.1.0, first performing quality 
checks, then removing adapters and low-quality 
regions. We aligned reads to the SARS-CoV-2 refer-
ence genome (GenBank accession no. MN908947.3) 
and trimmed primers used for amplification. We 
estimated the relative abundance of known SARS-
CoV-2 lineages using Freyja (6) with SARS-CoV-2 
UShER barcodes from July 26, 2024 (7). Full pipe-
line details are publicly available (https://github.
com/CDCgov/aquascope). Lineage relative abun-
dance estimates correspond to samples collected 
across jurisdictions within the same week after 
lineage aggregation and normalization; lineages 
representing <5% of the total being aggregated 
were categorized as Other. We tracked all lineage 
abundances, and we aggregated sublineages not 
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Figure. Average relative abundance of aggregated SARS-CoV-2 lineages detected in wastewater samples collected across the United 
States for the weeks ending November 25, 2023–July 23, 2024. The final time point shown (July 23, 2024) does not represent a full 
week of data.
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enumerated with their parent lineages on the basis  
of Pango lineage definitions (8). We chose par-
ent lineages to reflect those displayed on the CDC  
COVID Data Tracker (9) and NWSS dashboard (10). 

Our analysis of wastewater sequence data re-
vealed a distinct temporal trend in the emergence 
and spread of the JN.1 variant (Figure). JN.1 was 
first detected by the pipeline in a sample collected on 
November 15, 2023; however, because this week had 
<10 samples collected, the earliest displayed data 
are from samples collected the subsequent week. Af-
ter initial detection, JN.1 increased in prevalence in 
early December 2023, peaked in early March 2024, 
and continued to decline through late July in the 
final displayed weeks. Results also showed other 
known lineages, such as the JN.1 sublineages JN.1.7 
and JN.1.11.1, emerging sequentially and maintain-
ing a significant presence. KP.2 and KP.3 lineages 
also appeared and grew to varying levels of preva-
lence. Our study of the JN.1 lineage with Aquascope 
demonstrates the ability of CDC’s NWSS to monitor 
emerging SARS-CoV-2 variants.

Conclusions
Advances in wastewater bioinformatics pipelines, 
such as Aquascope, enhance our ability to track pub-
lic health outbreaks by providing a relatively pas-
sive, low-cost, near–real-time surveillance approach 
that complements clinical genomic surveillance. Al-
though JN.1 was first detected in a US clinical sam-
ple collected in late September 2023 (11), earlier than 
the first samples identified with Aquascope here, 
we note that the Bioproject analyzed in this study 
does not contain data preceding November 13, 2023. 
Still, trends in JN.1 proportions inferred in NWSS 
samples by Aquascope were similar to those in clini-
cal sequence data, which first surpassed 0.1% preva-
lence in November 2023 and surpassed 50% preva-
lence from early January to the end of April 2024, 
similar to wastewater trends (Figure) (11).

Future work will cross-compare wastewater and 
clinical data using additional NWSS sites and account 
for differences in coverage, population normaliza-
tion, and other analytical considerations. Although 
the pipeline we describe focuses on SARS-CoV-2 lin-
eage abundance, Freyja’s deconvolution algorithm (6) 
can use barcode libraries from additional pathogens 
to estimate their abundances in mixed wastewater 
samples, so that Aquascope can be adapted for broad-
er pathogen detection. This pipeline relies on prior 
characterization of SARS-CoV-2 lineages; future ad-
vancements may enable identification of previously 
uncharacterized lineages. 

One potential challenge for personal use of 
Aquascope is computational requirements robust 
enough to support large input datasets; it requires 
a high-performance computing environment with 
support for required dependencies. Aquascope will 
soon operate within a larger, scalable CDC comput-
ing platform freely available to public health part-
ners for wastewater surveillance efforts. Continuous 
development of bioinformatics pipelines like Aqua-
scope will broaden our capacity to monitor emerg-
ing infectious disease threats through wastewater 
surveillance.
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Genomic surveillance is a powerful tool that can 
inform public health responses to disease out-

breaks (1). During the COVID-19 pandemic, genomic 
surveillance data were used to identify variants of 
concern, investigate patterns of transmission, and de-
velop effective vaccines (2–4).

Genomic surveillance requires large, representa-
tive sets of samples. Initially, nucleic acid amplifica-
tion tests (NAATs) were the standard for detecting 
SARS-CoV-2 infection (5). Laboratories received 
residual nasal swab samples leftover from NAAT 
testing for viral sequencing through contracts with 
companies and clinics performing NAATs. After the 
COVID-19 public health emergency ended on May 
11, 2023, NAAT testing in clinical and public health 
facilities declined precipitously as government subsi-
dies for performing NAATs ended (6). During 2020, 
an average of 587,975 NAATs were performed weekly 
in the United States. By 2023, that number decreased 

to ≈96,215 tests per week (7). Subsequently, the pri-
mary source of samples for genomic surveillance was 
greatly diminished.

The US Food and Drug Administration  is-
sued the first emergency use authorization for a  
COVID-19 rapid antigen test (RAT) in August of 
2020 (8). At-home RAT usage increased significant-
ly in 2021 during the rise of the Omicron lineage 
(9). RATs are less expensive than NAATs, provide 
faster results, and do not require trained person-
nel (10). RATs usually involve swabbing the insides 
of both nostrils, placing the swab into an inactiva-
tion buffer, and applying the buffer onto a lateral 
flow test strip. If SARS-CoV-2 antigen is present, a  
colorimetric test line will indicate positivity (11). By 
July 2024, the United States had 38 available over-
the-counter SARS-CoV-2 RAT products authorized 
by the Food and Drug Administration and available 
to the public (12).

SARS-CoV-2 Genomic Surveillance 
from Community-Distributed Rapid 

Antigen Tests, Wisconsin, USA
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In the United States, SARS-CoV-2 genomic surveil-
lance initially relied almost entirely on residual diagnostic 
specimens from nucleic acid amplification–based tests. 
However, use of those tests waned after the end of the  
COVID-19 Public Health Emergency on May 11, 2023. 
In Dane County, Wisconsin, we partnered with local- and 
state-level public health agencies and the South Cen-
tral Library System to continue genomic surveillance by 
obtaining SARS-CoV-2 genome sequences from freely 

available community rapid antigen tests (RATs). Dur-
ing August 15, 2023–February 29, 2024, we received 
227 RAT samples, from which we generated 127 se-
quences with >10× depth of coverage for >90% of the  
SARS-CoV-2 genome. In a subset of tests, lower cycle 
threshold values correlated with sequence success. Our re-
sults demonstrated that collecting and sequencing results 
from RATs in partnership with community sites is a practical 
approach for sustaining SARS-CoV-2 genomic surveillance.
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Multiple groups have investigated RATs as 
source material for SARS-CoV-2 genomic surveil-
lance. SARS-CoV-2 RNA can be recovered from an-
tigen tests and sequenced (13–17), enabling track-
ing of circulating lineages. We hypothesized that 
community members would be willing to send in  
SARS-CoV-2–positive RATs for genomic surveillance 
if the process were sufficiently simple. Thus, we part-
nered with local public libraries and a public health 
agency to create and assess a system for persons to 
anonymously submit positive RATs for viral RNA 
analysis and sequencing. 

Materials and Methods

Collection of Rapid Antigen Tests
In Wisconsin, the South Central Library System 
and Public Health Madison Dane County (PHM-
DC) distributed RATs from the US national stock-
pile to the public free of charge. We partnered with 
9 libraries and 2 sites through PHMDC. Six of the 
libraries were located in urban areas and 3 in rural 
areas (18) (Figure 1).

We designed a packet of materials to attach to 
each RAT to enable collection of positive tests (Figure 
2). The packet included an instructional flyer affixed 
to the outside of a bubble mailer to which a business 
reply mail shipping label was affixed. Inside the bub-
ble mailer, we included a zip-top bag with a unique 

quick response (QR) barcode for return of RAT 
tests. The flyer had instructions in both English and 
Spanish, describing the study and providing in-
structions on how to participate (Appendix Figure, 
https://wwwnc.cdc.gov/EID/article/31/13/24-
1192-App1.pdf).

Participants could volunteer to submit their RAT 
to our program if they tested SARS-CoV-2 positive. 
Participants were directed to scan the unique QR 
code on an internet-connected device, seal the posi-
tive RAT strip inside the zip-top bag, place the bag 
inside the bubble mailer and seal it, then drop the 
sealed mailer in any post office mailbox. The inacti-
vation buffer in a RAT inactivates SARS-CoV-2, ren-
dering the tests nonbiohazardous and safe to send 
through the mail (19).

Upon arrival at our laboratory, we scanned the 
QR code to record the date of receipt and stored at 
−80°C until processing. Most RATs we received were 
BinaxNOW COVID-19 Antigen Self Tests (Abbott, 
https://www.abbott.com) or iHealth COVID-19 
Antigen Rapid Tests (iHealth Labs Inc., https://
ihealthlabs.com).

Ethics Statement
The University of Wisconsin institutional review 
board determined this project was human research ex-
empt because participants were anonymous and self-
identified. We created a secure website and database  
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Figure 1. Locations for SARS-
CoV-2 genomic surveillance 
from community-distributed rapid 
antigen tests, Wisconsin, USA. 
Nine of the South Central Library 
System libraries and 2 PHMDC 
sites distributed research 
packets and SARS-CoV-2 rapid 
antigen tests to patrons. Willing 
participants could send their 
positive tests to the AIDS Vaccine 
Research Laboratory, University 
of Wisconsin–Madison (Madison, 
WI, USA), for sequencing. 
PHMDC, Public Health Madison 
Dane County.

https://wwwnc.cdc.gov/EID/article/31/13/24-1192-App1.pdf
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https://www.abbott.com
https://ihealthlabs.com
https://ihealthlabs.com
http://www.cdc.gov/eid


SARS-CoV-2 Surveillance from Rapid Antigen Tests

by using Node JS (https://nodejs.org) to collect 
the barcode, the date, and the location when a user 
scanned a randomly generated unique QR code. We 
assumed those data were a reasonable proxy for RAT 
date and location. The location of the scan was auto-
matically converted to a census block group on the 
users’ machines before submission to our database, 
so the actual location of each submission was not 
known to the study team. A census block group con-
tains 250–550 housing units (20).

Nucleic Acid Extraction
We developed our approach to extract nucleic acids 
from used RATs per previously describe methods 
(13). We thawed and opened RATs to retrieve the 
testing strip, which we placed into a clean 5-mL freez-
er tube (Sarstedt, https://www.sarstedt.com). Some 
RATs also included a nasal swab, and we also placed 
those in the freezer tube.

We added 800 μL of Viral Transport Medium 
(Rocky Mountain Biologicals, LLC, https://rmbio.
com), and incubated the tube at room temperature for 
10 minutes on a Hulamixer (Thermo Fisher Scientific, 
https://www.thermofisher.com). We transferred 500 
μL of that mixture to a clean 1.5-mL tube and added 
5 μL of Dynabeads Wastewater Virus Enrichment 
Beads (Thermo Fisher Scientific). We incubated sam-
ples for 10 minutes on a Hulamixer, then placed on a 
magnetic rack for 3 minutes. Once clear, we discarded 
the supernatant and resuspended the beads in 500 µL 
of lysis buffer. We returned the tube to the magnet for 
3 minutes and then transferred the clear supernatant 
to a clean tube. We isolated samples on a Kingfisher 
Apex instrument (Thermo Fisher Scientific) following 
the manufacturer’s protocol (protocol no. MagMAX_
Wastewater_DUO96.bdz).

After isolation, we treated the samples with Tur-
bo DNase (Thermo Fisher Scientific), according to the 
manufacturer’s protocol. After DNase treatment, we 
cleaned samples by using the RNA Clean and Con-
centrator-5 kit (Zymo Research, https://www.zy-
moresearch.com), following the manufacturer’s pro-
tocol, but skipping the in-column DNase I Treatment.

Quantitative Reverse Transcription PCR and Sequencing
We selected a random subset of 75 samples to inves-
tigate trends between the quantitative reverse tran-
scription PCR cycle threshold (Ct) and sequencing 
quality. We quantified SARS-CoV-2 RNA using the 
CDC N1 Taqman assay (21) (Appendix).

We generated PCR amplicons by using the QIAseq 
DIRECT SARS-CoV-2 Kit with Booster and Enhancer 
(QIAGEN, https://www.qiagen.com), according to 

the manufacturer’s instructions. We normalized in-
dexed samples to 4 nmol and pooled samples together. 
We diluted the pool to a concentration of 8 pmol and 
ran using 2 × 150 MiSeq Reagent Kits v2 on a MiSeq in-
strument (both Illumina, https://www.illumina.com).

Sequencing Analysis
We quality-checked raw sequencing reads and aligned 
to the wild-type SARS-CoV-2 reference (GenBank  
accession no. MN908947.3), then variant-called by using  
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Figure 2. Research packets distributed for SARS-CoV-2 genomic 
surveillance from community-distributed rapid antigen tests, 
Wisconsin, USA. A) Envelope and instructions; B) zip-top bag 
included in packet with quick response (QR) code; C) return 
address label. Research packets were attached to SARS-CoV-2 
rapid antigen test boxes, enabling participants to send their positive 
tests to the laboratory through the US Postal Service. A folded flyer 
(A), attached to an envelope, explained in both English and Spanish 
the goal of the study and how to participate. Participants scanned 
the QR code inside the included zip-top bag (B) to document the 
date and location of their rapid antigen test, then sealed their test 
strip inside. The location of the scanned QR code was immediately 
converted to the census block group of the scan and stored in a 
secure database. Participants returned test strips in the provided 
envelope, which had a business-reply shipping label (C), enabling 
participants to mail to our laboratory from any post office drop box.

https://nodejs.org
https://www.sarstedt.com
https://rmbio.com
https://rmbio.com
https://www.thermofisher.com
https://www.zymoresearch.com
https://www.zymoresearch.com
https://www.qiagen.com
https://www.illumina.com
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the open-source viralrecon pipeline from the nf-core  
project (22,23; B.E. Langer et al., unpub. data, https://doi.
org/10.1101/2024.05.10.592912). We set the minimum 
frequency threshold for variant-calling to 0.01. Further 
details for how we ran viralrecon, alongside the custom 
R scripts we used to generate figures, are available in 
our GitHub repository (https://github.com/dholab/
Library-Rapid-Antigen-Test-Manuscript).

Statistical Analysis
We used an unpaired 2-tailed t-test to compare the ef-
fect of Ct and length of transit time between samples 
that passed our sequencing quality threshold of >90% 
coverage at >10× depth and those that failed. We per-
formed that analysis in Prism version 10.1.0 (Graph-
Pad, https://www.graphpad.com).

We compared the identities of SARS-CoV-2 lin-
eages detected in our RAT-derived sequences with 
surveillance data from the Wisconsin State Laborato-
ry of Hygiene (WSLH) SARS-CoV-2 Genomic Dash-
board (24). We analyzed data from August 28, 2023–
February 25, 2024, dividing our passing sequences 
into 2-week intervals on the basis of test scan dates. 
We only included participant-scanned tests in that 
analysis. We assigned Pango lineages to our sequenc-
es by using Nextclade version 3.5.0 (25). For each 
2-week period, we identified the 2 most prevalent lin-
eage groups, which we based on Nextstrain clades, 
in the WSLH wastewater surveillance data and deter-
mined how often our RAT program also detected the 
same prevalent lineages.

Results

Test Collection
During August 15, 2023–February 29, 2024, we sup-
plied 9 libraries and 2 public health clinics in Dane 
County with 7,775 research packets to attach to  
SARS-CoV-2 RATs distributed to patrons. Among 

distributed packets, 223 (2.9%) were mailed to our 
laboratory. Some packets contained multiple tests, re-
sulting in 227 total tests for analysis. The return rates 
varied by month (Table 1), but the mean number re-
ceived each month was 32 (SD 10).

Some tests arrived at the laboratory without 
the barcode or with a barcode that had never been 
scanned, resulting in loss of associated metadata. Of 
the 223 research packets received, 170 were properly 
associated with time and location metadata. Of those 
170 samples, 1 was scanned in Sauk County, Wis-
consin (adjacent to Dane County), and the rest were 
scanned in Dane County.

Sequencing Quality
We sequenced SARS-CoV-2 from all 227 RATs. We 
considered a sequence with genome coverage >90% 
at a depth of coverage >10× to be a passing sequence. 
Of the 227 RAT-derived sequences, 128 (56%) passed 
(Appendix Table 1).

Next, we evaluated whether SARS-CoV-2 vi-
ral RNA concentration or transit time correlated 
with successful sequencing. We randomly selected 
75 samples for semiquantitative reverse transcrip-
tion PCR. Of those samples, 15 had no detectable 
amplification of the N1 target. We obtained pass-
ing sequences for samples with Ct values up to 
35.4. The mean Ct for samples that passed was 
31.7 and the mean Ct for samples that failed was 
35.3, a significant difference via unpaired, 2-tailed  
t-test (p<0.0001; degrees of freedom  =  59) (Figure 
3, panel A).

The time between a test being scanned by the 
participant and our receiving it (i.e., the transit time) 
ranged from 1 to 20 days, but transit time had little 
effect on sequencing success (Figure 3, panel B). 
The mean transit time for the passing samples was 
6.3 days, compared with 6.6 days for failed samples  
(p = 0.69 by unpaired 2-tailed t-test).
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Table 1. Monthly distribution and return of research packages in a study of SARS-CoV-2 genomic surveillance from community-
distributed rapid antigen tests, Wisconsin, USA* 

Collection month 
Approximate no. packets 

supplied for RAT collection 
No. packets with 

positive tests 
No. tests that passed sequencing 

quality threshold† 
2023     
 Aug 100 13 5 
 Sep 1,470 33 14 
 Oct 1,390 37 18 
 Nov 2,405 33 21 
 Dec 300 46 28 
2024    
 Jan 1,160 28 20 
 Feb 950 33 21 
Total no. 7,775 223 127 
*RATs, rapid antigen tests. 
†Quality threshold was >10× depth of coverage for >90% of the SARS-CoV-2 genome. 
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Tracking SARS-CoV-2 Lineages
We used Nextclade version 3.5.0 (25) to determine the 
Pango lineage of each successfully sequenced sample 
and tracked SARS-CoV-2 lineages detected by week 
on the basis of participant scan date (Figure 4). Dur-
ing August–November 2023, most detected lineages 
were assigned to the XBB clade. Beginning in De-
cember 2023, we observed a shift to the JN.1 lineage, 
which predominated in February 2024.

The identities of viral lineages in our RAT-de-
rived sequences were concordant with statewide 
trends in lineages detected via wastewater surveil-
lance, as summarized on the WSLH SARS-CoV-2 
Wastewater Genomic Dashboard (24) (Table 2). Our 
program detected the dominant wastewater lineage 
in 12 of 13 two-week reporting periods and the sec-
ond-most prevalent lineage in 7 of 13 periods. Con-
cordance with wastewater surveillance data indicates 
that RAT-based surveillance can detect common cir-
culating lineages. Moreover, RAT-based surveillance 
resulted in 6 of the earliest documented cases of a lin-
eage in Wisconsin in GenBank and GISAID: JN.1.1, 
JN.1.2, XDD, XDA, XDP, and XDE (Table 3).

Discussion
Genomic surveillance has been crucial for tracking 
SARS-CoV-2 evolution during the COVID-19 pan-
demic (26). Because most persons now use RATs in-
stead of NAATs to diagnose SARS-CoV-2 infection, 
we sought to evaluate a community genomic surveil-
lance program predicated on voluntary mailing of 
positive RATs.

Despite the common narrative that the public is 
disinterested in COVID-19, we observed surprisingly 
strong participation. During August 12, 2023–Febru-
ary 24, 2024, Dane County’s average COVID-19 test 
positivity rate, which we used to estimate the return 
rate on RATs, was 12.3% (range 7.8%–16%) (27). In an 
extreme case in which all the RATs distributed by our 
partners were used, we estimated that one quarter 
of all positive tests distributed with packets were re-
turned to our laboratory for analysis. The true return 
rate is likely higher because some tests distributed 
with packets likely were not used.

The transit time during which RATs sat in un-
controlled (ambient) conditions had a negligible ef-
fect on overall sequencing success (Figure 3, panel B). 
Other studies have demonstrated that extraction of 
viral RNA is possible from RATs stored at room tem-
perature for long periods (14,16); one study generated 
75.2% genome coverage from a RAT stored at room 
temperature for 3 months. We obtained a sequence 
with >10× coverage for >90% of the SARS-CoV-2  

	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 31, No. 13, Supplement to May 2025 	 S65

Figure 3. Comparison of passing and failing samples in a 
study of SARS-CoV-2 genomic surveillance from community-
distributed rapid antigen tests, Wisconsin, USA. Scatterplots 
compare percentage coverage for Ct values (A) and transit 
times (B) for passing and failing RATs. Ct values were obtained 
through quantitative reverse transcription PCR. Sequences 
that passed the quality threshold had >90% coverage of the 
SARS-CoV-2 genome at >10× depth. The mean Ct for samples 
that passed was 31.7 and the mean Ct for those that failed was 
35.3 (p<0.0001 by unpaired 2-tailed t-test; degrees of freedom 
= 59). Samples with lower Ct values correlated with higher 
SARS-CoV-2 coverage. Transit time refers to the number of days 
between a participant scanning the QR code provided with the 
RAT and receipt of positive RAT at our laboratory. The horizontal 
black line (B) is the mean value for each group. The mean transit 
time for passing samples was 6.3 (SD 3.6) days and the mean 
transit time for failing samples was 6.6 (SD 4.2) days. We noted 
no significant difference in transit times between passing and 
failing sequences (p = 0.69 by unpaired t-test). The amount 
of viral material present on RAT correlated with our ability to 
sequence samples, but time en route did not. Ct, cycle threshold; 
RAT, rapid antigen test.
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genome from a RAT that sat at uncontrolled tem-
peratures for at least 17 days. Taken together, those 
results highlight that RATs stored at uncontrolled 
temperatures can be mailed from the point-of-testing 
to centralized laboratories for sequencing. Most (98%) 
of the US population is served by the United States 
Postal Service (28). Thus, the ability to self-collect 
samples for mail-in analysis could enable genomic 
surveillance even in settings that are typically under-
served by academic and clinical research.

SARS-CoV-2 lineages identified by our RAT sur-
veillance program were similarly prevalent in Wis-
consin’s statewide wastewater sequencing data (24). 
Of note, we also detected emerging lineages like JN.1 
and rare variants like XDE, which was documented 
only 22 times in North America (29). Those findings 
demonstrate that RAT-based sequencing can effec-
tively complement existing wastewater and NAAT 
surveillance methods.

One limitation of our study is the reliance on self-
reported data, which is less precise than clinical speci-
men metadata. Our metadata depended on the par-
ticipant’s QR code scan to approximate the date and 
location of the test, which might have reduced data 

accuracy. Another limitation is that ≈25% of packets 
arrived unscanned or without a barcode; thus, we 
had no metadata for those samples. Our only com-
munication with participants was through the flyer 
provided with each packet, and some participants 
might only skim the instructions and misinterpret the 
protocol. To reduce the frequency of unscanned tests, 
more simplified instructions that include visual cues 
could more clearly communicate the directions for re-
turning RATs.

Census block groups of scanned tests showed a 
strong bias toward urban locations (18); only 1 test 
was scanned by a participant in a rural census block 
group. The 3 packet distribution sites in rural areas of 
Dane County received only 3% of the total packets we 
supplied, which might partially account for that low 
number of tests from rural areas. Rural and underrep-
resented areas might need stronger engagement ef-
forts in future studies to achieve more representative 
genomic surveillance.

Our program relied on freely available RATs pro-
vided from the national government stockpile. The 
long-term sustainability of the programs that distrib-
ute those tests is unknown, which means this system 
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Figure 4. Number of samples collected per week and viral lineages detected in a study of SARS-CoV-2 genomic surveillance from 
community-distributed rapid antigen tests (RATs), Wisconsin, USA. The chart shows the percentage of SARS-CoV-2 lineages by week 
for samples that passed quality control thresholds of >90% of the SARS-CoV-2 genome at >10× depth. The date used reflected the 
date the participant scanned a provided QR code attached to a RAT. Unscanned RATs were excluded from the analysis. The number 
of samples included in each week’s percentage is shown above the bar. We assigned Pango lineages by using Nextclade version 3.5.0 
(25). From August to mid-November 2023, the most common lineages in our samples fell under XBB.1.5, XBB.1.9.2, XBB.1.16, and 
XBB.2.3. Beginning in early December 2023, we began to see an increase in the number of samples belonging to the lineage JN.1, 
which dominated RAT samples scanned in February 2024. 
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for collecting and sequencing RATs might not be  
sustainable long-term. A similar program could be es-
tablished with RATs purchased by community mem-
bers (e.g., by partnering with pharmacies to put them 
at point-of-sale), but that could greatly bias the results 
toward persons who have the resources and motiva-
tion to purchase costly tests. Providing free tests to 
members of the community gives them a valuable 
tool to minimize their risk for COVID-19 transmis-
sion while also potentially providing more inclusive, 
representative genomic surveillance.

In conclusion, the program described here could 
act as a framework for the creation of more expan-
sive genomic surveillance programs. Regulators in 
some countries have approved at-home RATs for 
other respiratory viruses, including influenza A 
virus and respiratory syncytial virus (30–32), and 
those tests could be collected to set up surveillance 

programs for other viruses. Other studies have 
demonstrated the possibility of recovering various 
respiratory viruses from COVID-19 RATs (15,33). 
Thus, by collecting both positive and negative 
RATs from symptomatic persons, the prevalence 
of respiratory viruses circulating in communities 
could also be estimated, creating an innovative ad-
ditional method for assessing the spread of respira-
tory viruses in communities.

This article was preprinted at https://www.medrxiv.org/
content/10.1101/2024.08.12.24311680v1.
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Table 2. Lineages detected during SARS-CoV-2 genomic surveillance from community-distributed rapid antigen tests, Wisconsin, USA* 

Date† 

Highest percentage‡   Second highest percentage§ No. RATs with 
passing 

sequence¶ 
Other lineages detected via 

RAT sequencing 
Wastewater 

lineage 
Matching RAT 

lineages 
Wastewater 

lineage 
Matching RAT 

lineages 
2023 Aug 28 EG.5.1 EG.5.1.4  XBB.1.16 XBB.1.16.11 5 FL.1.5.1, XBB.2.3 
2023 Sep 11 EG.5.1 EG.5.1.13  XBB.1.16 XBB.1.16 8 XBB.1.5.10, XBB.1.5, 

GE.1,HK.9, JF.1.1, HH.1 
2023 Sep 25 EG.5.1 EG.5.1.4  XBB.1.16 XBB.1.16 4 GJ.1.2, FL.1.5.1 
2023 Oct 9 EG.5.1 HV.1, HV.1.8  XBB.1.9 None 8 HK.29, JN.1.1, XBB.1.16.9 
2023 Oct 23 EG.5.1 None  XBB.1.16 None 2 XCH.1, DV.7.1 
2023 Nov 6 EG.5.1 EG.5.1.1, 

EG.5.1.6 
 XBB.1.16 None 6 FL.1.5.1, HK.13.2.1, HK.26 

2023 No 20 EG.5.1 EG.5.1.1, 
EG.5.1.6, HV.1 

 XBB.1.16 XBB.1.16.6 10 HK.26, GK.1.1, JN.1.4.5, 
HK.3, JN.1 

2023 Dec 4 EG.5.1 HV.1, HV.1.2, 
HV.1.6 

 BA.2.86 JN.1, JN.1.1, 
JN.1.38 

14 XDA, XCV, GK.1.8 

2023 Dec 18 BA.2.86 JN.1, JN.1.1, 
JN.1.4, JN.1.42 

 EG.5.1 EG.5.1, 
EG.5.1.8, HV.1 

11 JG.3, GW.5.1.1, GK.1.6.1 

2024 Jan 1 BA.2.86 JN.1, JN.1.39  EG.5.1 None 3 None 
2024 Jan 15 BA.2.86 JN.1, JN.1.38, 

JN.1.4, JN.1.42 
 EG.5.1 HV.1 15 JG.3, XDD, XDP, JC.5.1, 

HK.3.2 
2024 Jan 29 BA.2.86 JN.1, JN.1.1  EG.5.1 None 9 None 
2024 Feb 12 BA.2.86 JN.1, JN.1.42  XBB.2.3 None 4 None 
*Lineages represent successful rapid antigen test sequences that corresponded to the 2 most prevalent lineage groups in the wastewater signal in the 
state of Wisconsin for each 2-week period. RAT, rapid antigen test. 
†Dates represent first day of each 2-week reporting period. 
‡Lineage group comprising the first largest percentage of wastewater data. 
§Lineage group comprising the second largest percentage of wastewater data. 
¶Passing sequences had >90% genome coverage at >10× depth. 

 
 

 
Table 3. Lineages detected in a study of SARS-CoV-2 genomic 
surveillance from community-distributed rapid antigen tests, 
Wisconsin, USA* 
GenBank accession no. Scanned test date Pango lineage 
PP761647 2023 Oct 14 JN.1.1 
PP747716 2023 Dec 4 XDA 
PP747739 2023 Dec 21 JN.1.2 
PP747779 2023 Dec 22 XDE 
PP747696 2024 Jan 17 XDD 
PP747750 2024 Jan 24 XDP 
*These samples were the earliest recorded examples of respective Pango 
lineage in Wisconsin according to data submitted to GISAID 
(https://www.gisaid.org) and GenBank as of April 18, 2024. 
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The sequencing data generated in this study are available  
in the National Center for Biotechnology Information  
Sequence Read Archive (https://www.ncbi.nlm.nih.gov/
sra) under BioProject no. PRJNA1096364. The accession 
numbers to the sequences used in these analyses are avail-
able in Appendix Table 2. Analysis of these data was made 
possible by the Center for High Throughput Computing’s 
High Performance Cluster at the University of Wisconsin–
Madison.
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The chatbot Claude 3.5 Sonnet created by Anthropic 
(https://www.anthropic.com) was used to improve syn-
tax and to make the text more concise.
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For many people, coronavirus disease (COVID-19) causes mild respiratory 
symptoms. Yet others die of from complications caused by the infection, 
and still others have no symptoms at all. How is this possible? What are 

the risk factors, and what role do they play in the development of disease?

In the pursuit to control this deadly pandemic, CDC scientists are  
investigating these questions and more. COVID-19 emerged less  

than 2 years ago. Yet in that short time, scientists have discovered  
a huge body of knowledge on COVID-19. 

In this EID podcast, Dr. Kristen Pettrone, an Epidemic Intelligence  
Service officer at CDC, compares the characteristics of hospitalized and 

nonhospitalized patients with COVID-19 in Atlanta, Georgia.
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Highly pathogenic avian influenza A(H5N1) 
virus infection has caused large-scale out-

breaks in wild and domestic birds, resulting in 
mass deaths, culling events, and economic losses 
(1). Viral spillover to mammals has become more 
frequent, including outbreaks involving mammal-
to-mammal transmission and sporadic human in-
fections (2). In March 2024, H5N1 clade 2.3.4.4b vi-
rus was found in unpasteurized milk produced by 

infected dairy cattle in the United States, the first 
confirmation of an outbreak that grew to span 927 
herds in 16 states as of January 15, 2025 (3,4). The 
outbreak subsequently spread through interstate 
transport of cattle, milking practices, and shared 
milking machinery and farm equipment (5,6). Al-
though confirmed human cases have thus far been 
sporadic and have primarily been associated with 
mild symptoms, the spread of H5N1 virus in cattle 
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Highly pathogenic avian influenza A(H5N1) virus has 
caused a multistate outbreak among US dairy cattle, 
spreading across 16 states and infecting hundreds of 
herds since its onset. We rapidly developed and opti-
mized PCR-based detection assays and sequencing 
protocols to support H5N1 molecular surveillance. Using 
214 retail milk samples from 20 states for methods devel-
opment, we found that H5N1 virus concentrations by digi-
tal PCR strongly correlated with quantitative PCR cycle 
threshold values; digital PCR exhibited greater sensitiv-

ity. Metagenomic sequencing after hybrid selection was 
best for higher concentration samples, whereas amplicon 
sequencing performed best for lower concentrations. By 
establishing these methods, we were able to support the 
creation of a statewide surveillance program to perform 
monthly testing of bulk milk samples from all dairy cattle 
farms in Massachusetts, USA, which remain negative to 
date. The methods, workflow, and recommendations de-
scribed provide a framework for others aiming to conduct 
H5N1 surveillance efforts.
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threatens the dairy industry and risks further adap-
tation to mammalian hosts, including humans.

This outbreak has highlighted the need for rapid-
ly deployable H5N1 molecular surveillance capacity 
to detect infections, monitor viral spread and evolu-
tion, identify transmission routes, and target inter-
ventions to protect agricultural assets and food sup-
ply and prevent broader human transmission. Cow 
milk has emerged as an ideal sample source for H5N1 
virus detection and surveillance during this outbreak; 
the virus is shed in high concentrations in milk, likely 
because of its affinity for infecting mammary gland 
epithelial cells (7). However, milk undergoes intense 
processing steps, including ultrapasteurization and 
homogenization, which have unknown effects on vi-
ral RNA quality.

We optimized methods for nucleic acid extraction, 
molecular detection, and sequencing of H5N1 virus 
in cow milk, first using synthetic nucleic acid material 
and subsequently validating those methods by using 
positive retail milk samples from affected states. By 
quickly establishing a robust workflow for detecting 
and sequencing H5N1 virus from milk as the out-
break emerged, we were positioned to support man-
datory statewide surveillance for H5N1 virus in milk 
from dairy cattle farms across Massachusetts. This 
program, launched in August 2024, was implemented 
preemptively in the absence of H5N1 detection in the 
state and surrounding region to confirm the absence 
of H5N1 and to serve as an early warning system if a 
local outbreak occurs. State authorities worked with 
farms to collect samples from bulk milk tanks from all 
95 dairy cattle farms across Massachusetts, initially 
within a 3-week period, followed by a rotating sam-
pling schedule testing all farms monthly. On the basis 
of our workflow development and validation using re-
tail milk samples (see next section), we extracted bulk 
milk samples using the MagMAX CORE extraction 
kit (Thermo Fisher Scientific, https://www.thermo 
fisher.com) and performed digital PCR (dPCR) to 
detect H5N1 virus; we used the bovine RNaseP gene 
(RP_Bov) as a positive internal control. Although the 
surveillance program is ongoing, we have completed 
4 rounds of statewide testing, and H5N1 has not been 
detected in the state. The RP_Bov–positive control has 
been routinely detected at similar levels to retail milk, 
providing confidence in the negative results obtained 
for H5N1 (Appendix Figure 1, https://wwwnc.cdc.
gov/EID/article/31/13/25-0087-App1.pdf).

The sensitivity of our workflow allows for pre-
emptive surveillance of H5N1 for the typical size of 
a Massachusetts dairy cattle farm (≈10,000 cows on 
125 farms) (8). On the basis of our limit of detection 

(LOD) of 104 copies/mL milk, to detect 1 infected cow 
in a herd size of either 100 or 1,000 cows, the infected 
cow would have to be shedding 106 H5N1 copies/
mL milk (for a herd of 100) or 107 H5N1 copies/mL 
milk (for a herd of 1,000). This level is within the con-
centration range of live virus shed by infected cattle 
(104–108.8 50% tissue culture infectious dose/mL) (7). 
Despite the complexity of milk as a sample type, the 
robust detection of viral RNA in affected milk offers 
a unique surveillance mechanism to easily moni-
tor lactating herds by testing pooled bulk milk tank 
samples, saving time and resources compared with 
the testing of individual cows.

Characteristics of the Validated Workflow
This article is meant to serve as a resource docu-
menting how other laboratories can quickly validate 
and implement testing. The characteristics of the 
validated workflow are summarized next (Appen-
dix). First, we tested performance of a previously 
published H5N1 assay targeting the H5 subtype of 
the hemagglutinin (HA) gene inclusive of the cur-
rent virus outbreak strain (9) (H5_Taq) by both 
quantitative PCR (qPCR) and dPCR (Appendix). We 
optimized primer and probe concentrations using 
synthetic H5N1 RNA, selecting for optimal linearity, 
sensitivity, accuracy, precision, and qPCR efficiency 
(Appendix Figures 2, 3).

Overall, the H5N1 assay displayed robust perfor-
mance on both platforms; dPCR outperformed qPCR 
in LOD and precision. The 90% LOD was 5 copies/
μL by dPCR and 10 copies/μL by qPCR. In addition, 
although dPCR concentrations correlated well with 
qPCR cycle threshold (Ct) values (Figure 1, panel 
A), dPCR exhibited lower coefficients of variations, 
ranging from 10.5% to 26.4%, compared with 18.0% 
to 111.5% for qPCR (Figure 1, panel B). Both assays 
maintained linearity over their dynamic ranges (Fig-
ure 1, panels C, D).

As a positive internal control for nucleic acid ex-
traction in cattle milk, we designed a PCR targeting 
the bovine Ribonuclease P gene (both DNA and RNA; 
RP_Bov). By dPCR, linearity was maintained across 
all dilutions tested (Figure 1, panel C) with a 90% 
LOD of 10 copies/μL. On the basis of the superior 
performance of dPCR for the H5N1 target virus, the 
RP_Bov assay was not evaluated as a qPCR. Overall, 
all PCRs performed well with minimal optimization.

We next evaluated preprocessing and extrac-
tion protocols to optimize sample preparation for 
subsequent H5N1 virus detection and sequenc-
ing. We tested 2 commercially available extraction 
kits, MagMAX Prime Viral/Pathogen (Prime) and  

http://www.cdc.gov/eid
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MagMAX CORE (CORE) (both Thermo Fisher Scien-
tific), by spiking serial dilutions of synthetic H5N1 
nucleic acid into milk. We tested milk with various 

fat contents and examined the effect of pre-centrifu-
gation (at either 1,200 × g or 12,000 × g) on outcomes. 
We also tested the MagMAX Wastewater kit (Waste-
water) (Thermo Fisher Scientific) head-to-head with 
the CORE kit on a subset of 8 retail milk samples 
previously found to be H5N1 virus positive with 
CORE kit testing.

All 3 extraction kits demonstrated similar recov-
ery of H5N1 virus from milk; the CORE kit exhibited 
slightly better performance. The CORE (Figure 2) and 
Prime (Appendix Figure 4) kits showed comparable 
results in terms of total recovery (down to ≈104 H5N1 
virus copies/mL milk) and linearity. Direct nucleic 
acid extraction from milk was efficient regardless of 
fat content, with pre-centrifugation offering no in-
crease in viral RNA recovery, in accordance with pre-
vious findings (10; A. Lail et al., unpub. data, https://
www.protocols.io/view/rna-extraction-from-milk-
for-hpai-surveillance-n2bvjn6obgk5/v1). In addi-
tion, we found no significant difference in detection 
of H5N1 virus (p = 0.20) or RP_Bov (p = 0.17) using 
the Wastewater extraction kit on retail milk samples 
(Appendix Figure 5). We selected the CORE kit for 
ongoing testing given its low detection limit and 
slightly better detection of RP_Bov, as well as practi-
cal considerations, such as a manufacturer’s protocol 
for processing milk and kit availability.

To validate protocols on in situ H5N1 virus 
in milk, we sourced 214 retail milk cartons with  
diverse characteristics, including fat content and 

Figure 1. Validation and 
characterization of dPCR and 
qPCR on synthetic spike-in 
samples in study of methods 
to monitor influenza A(H5N1) 
virus in dairy cattle milk, 
Massachusetts, USA. A, B) 
Limit of detection analysis 
for correlation of dPCR 
concentrations with qPCR 
Ct values (A) and measured 
concentrations compared to 
expected concentrations for 
both qPCR and dPCR (B). 
C, D) Detection of dPCR 
(H5_Taq and RP_Bov) (C) 
and qPCR (H5_Taq) (D) 
assays using serial dilutions of 
synthetic H5N1 RNA standard 
material. For qPCR data, we 
combined and jointly analyzed 
all standard curve data from 
runs during retail milk testing. 
Fitted lines in panels A and 
D represent simple linear 
regression lines of best fit. 
Error bars indicate +1 SD. Ct, cycle threshold; dPCR, digital PCR; qPCR, quantitative PCR; R2, coefficient of determination. 

Figure 2. Digital PCR detection of synthetic nucleic acid (top) and 
RNaseP Bovine (bottom) in study of methods to monitor influenza 
A(H5N1) virus in dairy cattle milk, Massachusetts, USA. For direct 
extraction, we extracted 200 μL of milk spiked with serial dilutions 
of H5N1 synthetic gene fragments. For precentrifugation, we 
centrifuged samples for 12,000 × g for 10 minutes after spike-in, 
after which we extracted 200 μL. Extractions were performed 
using the MagMAX CORE extraction kit (Thermo Fisher Scientific, 
https://www.thermofisher.com).
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pasteurization processes, from 61 processing plants 
in 20 states (Table; Appendix Figure 6). Of those, 
55 (26%) cartons tested positive for H5N1 RNA by 
dPCR, whereas 48 (22%) tested positive by qPCR. The 
platforms gave concordant positive/negative results 
for 95% (n = 203/214) of samples (Appendix, Figure 
7). Nine samples were positive only by dPCR, which 
could be because of the slightly enhanced LOD of 
the dPCR assay. Conversely, 2 samples were positive 
only by qPCR, possibly because of the more strin-
gent thresholding criteria for dPCR. Further, H5N1 
RNA dPCR concentrations correlated strongly with 
qPCR Ct values (R2 = 0.81; Figure 3), suggesting the 
assay is robust on either platform. However, we saw 
evidence of qPCR standard degradation through-
out testing, highlighting the importance of standard 
material integrity for accurate qPCR quantification. 
Positive samples were from processing plants in 4 
states with reported H5N1 outbreaks (Colorado, 
Idaho, Michigan, and Texas). We also detected 1 pos-
itive sample by both dPCR and qPCR that originated 
from a processing plant in Missouri, which has not 
reported H5N1 in cattle. Of note, the location of the 
processing plant reported on milk containers might 
or might not correspond to the state in which the 
milk was initially collected, and this linkage is not  
publicly available.

We used the RP_Bov assay as an internal sample 
process control to confirm sample integrity and ensure 
proper collection and extraction, especially useful to 
interpret negative H5N1 results. RP_Bov concentra-
tions averaged 560 copies/μL extract (Figure 4); 98% 
of samples fell within 1 SD. Thus, detection of RP_Bov 
below ≈100 copies/μL could be effectively used as a 
measure of milk sample and process integrity.

We next sought to recover genomes from 23 
H5N1 virus–positive retail milk samples, testing 
methods across a range of characteristics including 
virus concentration, milk type, and pasteurization 

process. To obtain higher H5N1 virus concentrations 
for library preparation, we first extracted, pooled, 
and concentrated 10 samples from each milk con-
tainer. Ultrapasteurized samples exhibited signifi-
cantly lower concentration factors than did pasteur-
ized samples as measured by H5N1 copy number (p 
= 0.015; Appendix Figure 8). Despite being highly 
concentrated, samples showed no evidence of PCR 
inhibition by dPCR (p = 0.89; Appendix Figure 9). 
The recovered RNA content and quality from these 
samples spanned a wide range as determined by 
H5N1 copies, total RNA concentration, H5N1 copies 
per nanogram of RNA, and RNA integrity number 
score (Appendix Table 7).

We evaluated 3 library construction methods to 
assess their efficacy in producing genomes across the 
range of H5N1 virus concentrations and pasteurization 

 
Table. Breakdown of milk samples tested and their results by 
processing plant state in study of methods to monitor influenza 
A(H5N1) virus in dairy cattle milk, Massachusetts, USA 
Processing 
plant state 

No. cartons 
tested No. positive 

Positivity 
rate, % 

AZ 1   
CA 10   
CO* 59 33 56 
CT 4   
IA* 9   
ID* 12 5 42 
KS* 2   
KY 1   
MA 18   
ME 2   
MI* 14 5 36 
MN* 9   
MO 3 1 33 
NC* 7   
NH 6   
NY 2   
OH* 3   
TX* 42 13 31 
UT 7   
VA 3   
Total 214 57 27 
*Indicates state had reported cases of H5N1 in cattle at the time of testing. 

 

Figure 3. Comparison of dPCR 
and qPCR virus testing on 
retail milk samples in study of 
methods to monitor influenza 
A(H5N1) virus in dairy cattle 
milk, Massachusetts, USA. 
A) Agreement of positive and 
negative calls of milk samples 
between the 2 platforms; B) 
correlation of H5N1 measured by 
dPCR concentration compared 
with qPCR Ct value. For plotting 
purposes, samples not detected 
by dPCR were graphed with a 
dPCR concentration of 0 copies/μL, whereas samples not detected by qPCR were graphed with a Ct value of 40. Error bars indicate +1 
SD. Ct, cycle threshold; dPCR, digital PCR; qPCR, quantitative PCR; R2, coefficient of determination.  
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processes: untargeted metagenomic RNA sequencing 
(RNA-Seq), hybrid-selected RNA-Seq (hsRNA-Seq) 
enriched for human respiratory viruses including in-
fluenza A (albeit not explicitly H5N1) (11), and ampli-
con sequencing (Amp-Seq) of tiled 250-bp H5N1 PCR 
products (12). Despite intense milk preprocessing (such 
as ultrapasteurization), near-complete (>70% assembly) 

H5N1 virus genomes were readily recovered from all 23 
samples, 12 by hsRNA-Seq (>80%) and 11 by Amp-Seq 
(>74%). Hybrid selection greatly increased the chances 
of genome recovery for higher concentration extracts 
(>500 copies/μL); hsRNA-Seq outperformed RNA-Seq 
for 11 of 12 samples. At lower concentrations, Amp-Seq 
resulted in the most complete genomes (Figure 5). Of 
note, we modified the PCR cycling conditions of a pre-
viously reported H5N1 Amp-Seq protocol (12), which 
resulted in improved amplicon generation and genome 
assemblies (Appendix Figure 10). However, PCR ef-
ficiency varied considerably across amplicons; a small 
fraction of amplicons produced most sequencing reads 
(Appendix Figure 11).

Phylogenetic analysis showed geographic clus-
tering with other publicly available H5N1 genomes 
associated with the dairy cattle outbreak (Appendix 
Figure 12), suggesting the origin of the viruses was 
consistent with the US state of the processing plant 
of the milk. Of note, the positive sample originating 
from Missouri (which has no reports of H5N1 in cat-
tle) clustered with samples from Texas and Michigan, 
likely pointing to the farm location from which the 
milk originated, despite being processed in a Mis-
souri plant.

Overall, this study contributes validated 
methods for the whole workflow from sample to 
analyzed data for rapid deployment for potential 
future epidemiologic studies and public health sur-
veillance. On the basis of the methods testing and 
validation described, we have included a guide to 
establishing efficient, robust, and scalable H5N1 
virus surveillance from bulk milk for implementa-
tion in molecular laboratory settings (Appendix). 
Enabling more laboratories to set up decentralized 
surveillance will enable us to stay ahead of cur-
rent and future outbreaks of public concern. The  

Figure 4. Virus and bovine ribonuclease P (RP_Bov) concentrations for all retail milk samples as measured by digital PCR in study 
of methods to monitor influenza A(H5N1) virus in dairy cattle milk, Massachusetts, USA. A) Concentration of H5N1 as a function of 
processing state and expiration date. B) RP_Bov data for all samples. The gray-shaded region corresponds to the average RP_Bov 
concentration of all data +1 SD. Error bars indicate +1 SD.

Figure 5. Virus genome assemblies from retail milk samples in 
study of methods to monitor influenza A(H5N1) virus in dairy cattle 
milk, Massachusetts, USA. A) Completeness of H5N1 genome 
assemblies generated by RNA-Seq, virus-enriched (hsRNA-Seq), 
and targeted H5N1 Amp-Seq as a function of H5N1 copies per 
milliliter of RNA. B) The most complete H5N1 assembly produced 
for each sample sorted by length and the underlying sequencing 
approach. Asterisks (*) above bars indicate ultrapasteurized 
samples. Amp-Seq, amplicon sequencing; hsRNA-Seq, hybrid-
selected metagenomics; RNA-Seq, unbiased metagenomics.
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guidelines provided in this article are intended to 
serve as a blueprint for rapid validation of new 
molecular detection methods and establishment of 
surveillance systems for the current H5N1 outbreak  
and beyond.

This article was originally published as a preprint at 
https://www.medrxiv.org/content/10.1101/ 
2024.12.04.24318491v1.
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Mpox, an infectious disease caused by monkeypox 
virus (MPXV), emerged as a virus largely endem-

ic to western and central Africa (1). When local trans-
mission began to occur in many additional countries in 
2022 (1), whole-genome sequencing (WGS) of MPXV 
offered a potential new tool to complement traditional 
case investigations and identify epidemiologic link-
ages. Public Health–Seattle & King County (PHSKC), 
Washington State Department of Health (WADOH), 
and the University of Washington Virology Labora-
tory (UW Virology) collaborated to pilot a retrospec-
tive genomic surveillance program investigating mpox 
in King County, Washington, USA, in September 2022. 
PHSKC subsequently used retrospective data from the 
pilot and real-time WGS to support investigation of a 
case of mpox with unknown exposure.

Data were collected as part of routine public 
health surveillance and are considered nonresearch. 
Patient consent was not required, but verbal con-
sent was obtained from the patient whose case is de-
scribed, and all identifying details of the patient have 
been removed in accordance with the institutional 
policy of PHSKC.

Methods
In September 2022, WADOH and PHSKC retrospec-
tively linked WGS and epidemiologic data for cases 
of mpox occurring since May 2022 in King County. 
PHSKC collected epidemiologic data using case in-
terviews and chart reviews for every reported case 
of mpox. UW Virology performed WGS on MPXV-
positive residual diagnostic specimens using a hy-
bridization probe-capture–based approach with 
probes designed using the MPXV 2022/MA001 strain 
(2). Laboratory staff generated consensus genomes 
using a custom Nextflow pipeline (https://github.
com/greninger-lab/nf_mpxv_f13l). WADOH built a 
phylogenetic tree of all local cases and contextual se-
quences from other regions (3), and PHSKC annotat-
ed the tree with epidemiologic data. During Septem-
ber 2022–July 2024, PHSKC actively pursued WGS of 
all new mpox cases, linked WGS results to cases, and 
analyzed phylogenetic relatedness using Nextstrain 
and Nextclade (4,5).

Results
The retrospective analysis linked WGS results to 126 
mpox cases that occurred during May–September 
2022 (29.6% of 426 total cases during the pilot period). 
All isolates belonged to clade IIb, lineage B.1—the lin-
eage identified in most sequences from the 2022–2023 
global outbreak (1,6).

In fall 2023, an adult man residing in King Coun-
ty, Washington, had mpox symptoms develop 2 days 
after a 5-day trip to Kenya with an overnight layover 
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A monkeypox virus genomic surveillance pilot began in 
King County, Washington, USA, during the 2022 out-
break. Genomic surveillance proved critical in determin-
ing local versus international exposure of a case where 
no known exposures were identified by interview, illus-
trating the value of genomics in case investigation and 
public health practice.
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in United Arab Emirates (UAE). Symptoms began 
with small, blister-like penile lesions. Five days af-
ter lesions appeared, the man developed headache, 
groin pain, fatigue, and subjective fever. Eight days 
after symptom onset, healthcare professionals collect-
ed a lesion specimen, which tested positive for mpox 
by real-time PCR. The man completed a prescribed 
course of oral tecovirimat and reported fever and pain 
resolution 18 days after symptom onset and complete 
scab resolution 24 days after symptom onset. On the 
basis of symptom onset date and a typical incubation 
period of 3–17 days, the exposure period spanned 

dates when the man was in King County, Kenya, and 
the UAE (7). During case interviews, he reported hav-
ing no exposure to anyone with known or suspected 
mpox and no sexual activity or close physical contact 
with anyone 3 weeks before symptom onset. Accord-
ing to interview alone, investigators remained uncer-
tain where and when the man was likely exposed.

During September 2022–fall 2023, 71 cases from 
Washington were sequenced in real time (37.4% of 
190 total cases), and all real time sequenced cases were 
lineage B.1. WGS results for this case were shared 
with PHSKC 15 days after the case report, and the  

Figure. Phylogenetic reference tree of clade IIb monkeypox virus sequences as of December 2023 from study of real-time use of 
monkeypox virus genomic surveillance, King County, Washington, USA, 2022–2024. The tree shows the viral strain of sublineage A.2.1 
identified from a King County resident in fall 2023 (in red) is highly diverged from the B.1 lineage. Colors correspond to the location of 
the case from which a viral isolate was sampled and are either a region, the United States, or King County for the specific isolate of 
interest in this case report. Phylogenetic tree generated using Nextclade dataset for “Mpox virus (All Clades)” in Auspice v2.61.1  
(https://github.com/nextstrain/auspice.us). The reference sequence used in the tree is the clade IIb Genbank reference sequence 
(accession no. NC_063383.1). Data sourced from GenBank on December 8, 2023 (13). Sequences were downsampled by the 
Nextstrain team to ≈500 sequences with the goal of capturing monkeypox virus diversity across geography, collection dates, and 
lineages. The dataset is archived by Nextclade (https://github.com/nextstrain/Nextclade_data/tree/master/data_output/nextstrain/mpox/
all-clades/2024-01-16--20-31-02Z). The figure is filtered to the clade IIb branch within the larger dataset. Branches are shown for all 
lineages within clade IIb, and specific nodes are shown for selected lineages A.2, A.2.1, B.1.1, B.1.2, and B.1.3. A table of the nodes 
with metadata is included in the Appendix (https://wwwnc.cdc.gov/EID/article/31/13/24-1242-App1.pdf).
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sequence was identified as Clade IIb, sublineage A.2.1. 
The sequence was highly divergent from lineage B.1, 
showing ≈94 nt variations (Figure). Although lineage 
B.1 was identified in most sequences in the 2022–2023 
outbreak, including in local transmission in the Unit-
ed States, lineage A.2 had been detected infrequently 
outside of endemic areas (1,6). A published analysis 
of the 3 previous mpox cases in the United States with 
lineage A.2 concluded each was likely a separate in-
troduction, with suspected exposure during travel to 
the Middle East or West Africa (6). The high diver-
gence from other Washington cases and the rarity of 
reported A.2 lineages in the United States strongly 
suggested that this case-patient’s exposure occurred 
during international travel.

As of fall 2023, there were zero cases of mpox 
reported in Kenya and 16 in the UAE; lineage 
A.2 specifically was reported among at least nine 
travelers returning from the UAE in 2022 (8–11), 
strongly suggesting exposure in the UAE. During 
fall 2023–July 2024, 37 cases of mpox were reported 
in King County, and 76% of the cases had samples 
that were sequenced (n = 28). All sequences were 
lineage B.1, suggesting no onward transmission of 
lineage A.2 locally.

Discussion
This case illustrates the value of genomic surveillance 
in mpox public health response. No known exposures 
could be identified during case investigation through 
patient interview, but sequencing helped public health 
staff determine that this case was unlikely representa-
tive of undetected local spread, which reduced con-
cern regarding additional, unreported cases. Applying 
WGS in practice required close collaboration across 
agencies to proactively establish local genomic diversi-
ty and conduct active genomic surveillance. The 2022–
2023 mpox outbreak disproportionately affected men 
who have sex with men, and interview participation 
could have been limited by concerns about stigma (12). 
Genomic surveillance has potential to answer broad 
questions of concern for public health, like whether 
local transmission is occurring, without requiring 
detailed exposure information. As use of pathogen 
sequencing expands, additional work should be con-
ducted to anticipate potential ethical concerns and es-
tablish practices that protect privacy while advancing 
infectious disease prevention and response.
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HIV clusters or outbreaks are defined as rapid HIV 
transmission among persons in a sex or drug-us-

ing network (1); network refers to persons in an HIV 
cluster and those with whom they have sex or share 
drugs, who might or might not have HIV. Identify-
ing rapid HIV transmission through cluster detection 
guides public health efforts designed to identify and 
address gaps in care and prevention services that are 
not effectively reaching HIV transmission networks 
(2). Before 2016, HIV clusters in the United States were 
detected sporadically, typically by astute medical pro-
viders or partner services and frontline staff (2).

In 2016, after responding to a large outbreak of 
HIV among persons who inject drugs in Scott County, 

Indiana, USA (3), the Centers for Disease Control and 
Prevention (CDC) initiated proactive cluster detec-
tion through routine analysis of CDC’s National HIV 
Surveillance System (NHSS) data. HIV is a nationally 
notifiable disease condition, and state, tribal, local, 
and territorial (STLT) health departments (HDs) col-
lect demographic, transmission risk, and clinical in-
formation and report deidentified data to CDC. NHSS 
data are routinely used at federal and STLT levels to 
monitor HIV distribution and transmission, plan and 
evaluate prevention and care programs, allocate re-
sources, inform policy development, and identify 
and respond to rapid transmission across the Unit-
ed States (4). Laboratory reporting, including HIV  
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Detecting and responding to clusters of rapid HIV trans-
mission is a core HIV prevention strategy in the United 
States, guiding public health interventions and identify-
ing gaps in prevention and care services. In 2016, the 
Centers for Disease Control and Prevention (CDC) initi-
ated molecular cluster detection using data from 27 juris-
dictions. During 2016–2023, CDC expanded sequence 
reporting nationwide and deployed Secure HIV-TRACE, 
an application supporting health department (HD) molec-
ular cluster detection. CDC conducts molecular cluster  

detection quarterly; state and local HDs analyze local 
data monthly. HDs began routinely reporting clusters to 
CDC by using cluster report forms in 2020. During 2018–
2023, CDC identified 404 molecular clusters of rapid HIV 
transmission; 325 (80%) involved multiple jurisdictions. 
During 2020–2023, HDs reported 298 molecular clus-
ters to CDC; 249 were first detected by HDs. Expanding 
molecular cluster detection has provided a foundation 
for improving service delivery to networks experiencing 
rapid HIV transmission.
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molecular viral sequence data generated through 
routine clinical HIV drug-resistance testing, is an in-
tegrated component of NHSS.

Surveillance-based cluster detection methods in-
clude approaches to identify geospatial increases in 
HIV diagnoses (5), referred to as time-space analysis, 
as well as molecular cluster detection, in which clusters 
are recognized through analysis of HIV sequence data. 
HIV mutates rapidly, and molecular cluster detection 
methods assess differences between virus nucleotide 
sequences (genetic distance) to distinguish infections 
that are more closely related in transmission networks 
from those more distantly related. Time-space analysis 
and molecular cluster detection, in addition to cluster 
detection by providers or partner services and front-
line staff, are complementary (1).

Many approaches are available for HIV sequence 
analysis, but not all approaches focus on clusters with 
the highest transmission rates, which contribute dis-
proportionately to current and future transmission 
(6,7). CDC developed an approach focusing on clus-
ters representing rapid transmission (8), which yields 
clusters having transmission rates >8 times the over-
all national transmission estimate among all persons 
living with HIV (8) and some clusters with rates >33 
times the national rate (9).

Molecular cluster detection at both local and na-
tional levels is critical. Local HIV surveillance data 
are available during collection, but analyses by HDs 
are limited to persons diagnosed or living within the 
HD’s administrative boundary who have had data 
reported to the local surveillance system. However, 
populations are mobile (10), and HIV transmission 
can be geographically dispersed (11). National HIV 
surveillance data are not as timely but can be ana-
lyzed by CDC to identify clusters that cross jurisdic-
tional boundaries (8,12).

CDC initiated routine analysis of HIV surveillance 
data in 2016 to identify clusters at the national level, in-
cluding clusters spanning multiple jurisdictions. Those 
analyses included sequence data reported to CDC by 27 
STLT HDs to assess drug resistance and general trans-
mission patterns (13). The HIV TRAnsmission Cluster 
Engine (HIV-TRACE) (14), a tool developed to assess 
global HIV transmission patterns (15), was adapted to 
characterize transmission patterns in a local installation 
within CDC that adhered to stringent HIV data protec-
tions (13). However, secure local installation and imple-
mentation of HIV-TRACE was technically complex and 
not feasible for most STLT HDs. In 2018, cluster detec-
tion and response (CDR) was expanded nationwide (16).

To promote analysis of molecular HIV data to 
elucidate transmission patterns at STLT levels, CDC 

initiated the development of Secure HIV-TRACE in 
2015 through funding from CDC’s Advanced Molecu-
lar Detection program, part of the National Center for 
Emerging and Zoonotic Infectious Diseases. It was es-
sential to ensure that this web-based tool met stringent 
HIV data protections. This secure, web-based bioin-
formatics application incorporates sequence analysis 
methods similar to HIV-TRACE. Secure HIV-TRACE 
was first released for HD use in 2017 for characteriz-
ing general transmission patterns. After CDR expan-
sion nationwide in 2018 (16), Secure HIV-TRACE was 
refined to focus on detecting and monitoring clusters 
of rapid HIV transmission. Secure HIV-TRACE is com-
putationally efficient, scales to accommodate large da-
tasets and was designed for use by public health staff 
who might lack bioinformatics expertise.

With expanded cluster detection capabilities 
both at national and STLT levels and the recognition 
of the importance of cluster response to reduce HIV 
incidence, CDR was included as 1 of 4 pillars of the 
federal Ending the HIV Epidemic Initiative launched 
in 2019 (17). We describe the implementation of mo-
lecular HIV cluster detection at both the national 
and STLT levels and assess the contributions of each 
to overall cluster detection in the United States.

Materials and Methods

Data Collection
HDs report HIV surveillance data to CDC accord-
ing to STLT laws and regulations. HIV surveillance 
programs collect demographic, clinical, laboratory, 
vital statistics, and behavioral data. NHSS data col-
lection includes HIV laboratory results indicative of 
HIV infection, such as CD4+ T lymphocyte numbers, 
viral load test results, and HIV sequence data. HIV 
sequences are collected from genotypic resistance 
tests performed as part of routine clinical care at com-
mercial, private, and public health laboratories and 
reported electronically to STLT HDs (4).

During 1997–2012, sequences were collected 
through supplemental surveillance projects focused 
on drug resistance and virus diversity, expanding 
from 4 jurisdictions in 1997 to 17 in 2012 (18). During 
2013–2017, reporting of HIV sequence data expanded 
to 27 jurisdictions with the additional aim to assess 
transmission patterns and, in 2018, expanded to 59 
HD HIV surveillance programs with the charge to use 
those data for HIV CDR (16).

National Cluster Detection
A CDC-provided software application (Enhanced 
HIV/AIDS Reporting System [eHARS]) is installed at 

http://www.cdc.gov/eid
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HDs for entry, storage, management, and reporting 
of HIV data conducted by surveillance programs; the 
application is secured behind each HD’s firewall and 
accessible by designated HD staff only. HDs transfer 
monthly deidentified HIV surveillance data to CDC. 
Each quarter, CDC produces national-level datasets 
that deduplicate and reconcile data for persons re-
ported by all jurisdictions into a single, unified da-
taset for reporting, analyses, and evaluation (4). Data 
are protected by a CDC Assurance of Confidential-
ity (1), and release is governed according to the data 
rerelease agreement with each HD. For annual HIV 
surveillance reports, data are considered preliminary 
until a 12-month reporting delay has elapsed. After 
12 months, data are considered provisional and are 
subject to change as additional data are reported (4).

National cluster detection is conducted after each 
quarterly preliminary national-level dataset is created 
by using all available HIV sequences of suitable qual-
ity, which can include multiple sequences per person. 
Cluster detection is conducted using preliminary 
datasets to expedite timely detection of clusters. At 
each quarterly interval, clusters of rapid transmission 
among persons with HIV diagnosed in the previous 3 
years are identified by using a secure local installation 
of HIV-TRACE (14); this transmission network analy-
sis includes a 1,497-nt segment of the HIV protease 
and reverse transcriptase genomic region. Sequences 
are aligned with the HIV-1 pol gene in reference strain 
HXB2, pairwise genetic distances are calculated, and 
clusters are defined when the pairwise genetic dis-
tance is <0.005 substitutions/site (i.e., meeting a 0.5% 
genetic distance threshold) (8). HIV clusters meeting 
CDC’s national priority definition are then identified.

CDC defines national priority clusters to focus on 
clusters having evidence of rapid transmission by us-
ing the 0.5% genetic distance threshold and data for 
persons with an HIV diagnosis within the previous 
3 years. Such clusters with >3 HIV diagnoses in the 
previous 12 months have high transmission rates (8). 
If that definition was used nationwide, many juris-
dictions would have more priority clusters than they 
could feasibly conduct response activities for; thus, 
that definition is applied to low-burden jurisdic-
tions (those with <200 diagnoses annually), whereas 
a higher threshold of >5 diagnoses is used for most 
jurisdictions nationally. All clusters meeting those 
definitions are considered national priority clusters.

Each quarter, new national priority clusters 
are identified and growth in previously identified  
clusters is monitored. Clusters that continue to meet 
or newly meet national priority criteria are flagged 
for review. Because of disruptions related to the  

COVID-19 pandemic, national cluster detection was 
not conducted for the March 2020 quarter.

Many national priority clusters cross jurisdiction-
al boundaries. The primary jurisdiction for each clus-
ter is defined as the jurisdiction where >50% of clus-
ter members resided at the time of HIV diagnosis. In 
2022, CDC began systematically identifying jurisdic-
tions with substantial involvement in national prior-
ity clusters; substantial involvement is defined as >3 
diagnoses (resident at diagnosis or current resident) 
in the previous 12 months. Multiple jurisdictions can 
be substantially involved in a cluster at the same time.

Each quarter, summary reports of new and previ-
ously identified national priority clusters are generat-
ed for jurisdictions. Those reports include current case 
counts, jurisdictions involved, and current priority sta-
tus. In addition, line lists are generated for newly de-
tected clusters and clusters that continue to meet prior-
ity criteria and have grown. Those data are securely 
transmitted to HDs. HDs are asked to review the infor-
mation in conjunction with results of their local molec-
ular cluster analysis. CDC epidemiologists meet with 
HD personnel, as needed, to discuss findings and offer 
technical assistance to respond to clusters.

State and Local Cluster Detection
Beginning in 2018, CDC expanded support to all HDs 
to collect HIV sequence data and conduct molecular 
cluster detection monthly (16). Methods for state and 
local molecular cluster detection parallel those used 
for national cluster detection; however, several criti-
cal differences exist (Table 1). To provide an accessible 
tool for HDs to conduct molecular analysis, CDC con-
tracted with the University of California San Diego (La 
Jolla, CA, USA) and Temple University (Philadelphia, 
PA, USA) to develop Secure HIV-TRACE. Although 
the original intent was to characterize transmission 
patterns, the development and intended use evolved 
to focus on detecting and monitoring HIV molecular 
clusters. Funding for Secure HIV-TRACE development 
was obtained through CDC’s Advanced Molecular De-
tection program (fiscal years 2015–2017) and the Divi-
sion of HIV Prevention, National Center for HIV, Viral 
Hepatitis, STD, and TB Prevention, since that time.

To conduct molecular cluster detection, HDs ex-
port data from their local eHARS, process the data by 
using a CDC-supplied SAS software program (SAS 
Institute Inc., https://www.sas.com), and securely 
upload data without personal identifiers to Secure 
HIV-TRACE. Similar to the national analysis, Secure 
HIV-TRACE aligns the sequences to the HIV-1 pol 
gene from reference strain HXB2, computes pairwise 
genetic distances, and defines clusters at the 0.5% and 

http://www.cdc.gov/eid
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1.5% genetic distance thresholds. Secure HIV-TRACE 
users can visualize data and review summary statis-
tics, epidemiologic curves, and line-listed informa-
tion that can be exported for further analysis.

When first released, Secure HIV-TRACE focused 
broadly on transmission networks, using a 1.5% ge-
netic distance threshold to define clusters. Ten ad-
ditional releases since 2017 have expanded applica-
tion functionality; cluster detection has been aligned 
with CDC’s focus on clusters of rapid transmission 
by using the national priority cluster definition with a 
0.5% genetic distance threshold. In May 2023, Secure  

HIV-TRACE was enhanced to automatically identify 
and monitor growth in clusters meeting CDC’s nation-
al priority criteria. Before that enhancement, a CDC-
supplied SAS program was used to identify national 
priority clusters according to Secure HIV-TRACE out-
put. Users can now also elect to monitor other clusters 
of interest on the basis of locally defined priority cri-
teria. Additional enhancements have included a data 
quality screen, HIV drug resistance and subtype anal-
ysis, improved visualization, and optional data visu-
alizations using external platforms such as Power BI 
(Microsoft, https://www.microsoft.com) (Figure 1). 

 
Table 1. Comparison of HIV cluster detection by CDC and state and local health departments, United States* 
Comparisons CDC State/local 
Interval Quarterly At least monthly 
Data National, deduplicated State or local 
Ability to detect multijurisdictional clusters Yes Not at the time of writing 
Analytic tool Local installation of HIV-TRACE Secure HIV-TRACE 
Identifiable information No personal identifiers Linked to personal identifiers† 
Initial notification to health departments CDC securely transmits notification of 

priority clusters to state/local health 
departments 

Secure HIV-TRACE automatically flags 
priority clusters identified in each analysis 

Reporting from health departments to CDC Response activities reported to CDC via 
cluster report forms 

Response activities reported to CDC via 
cluster report forms 

*CDC, Centers for Disease Control and Prevention; HIV-TRACE, HIV TRAnsmission Cluster Engine. 
†Identifiers are not uploaded to Secure HIV-TRACE or transmitted to CDC. 

 

Figure 1. Timeline of nationwide implementation of HIV cluster detection and response by CDC and state and local HDs in the United 
States. CDC, Centers for Disease Control and Prevention; HD, health department; Secure HIV-TRACE, Secure HIV TRAnsmission 
Cluster Engine.
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Secure HIV-TRACE hosting was also modernized by a 
move to the CDC cloud platform with access through 
CDC’s Secure Access Management Services.

Cluster Report Forms
Since 2020, CDC-funded STLT HDs have been re-
quired to submit HIV cluster report forms each quar-
ter to CDC to report clusters of public health concern, 
including molecular clusters meeting CDC’s national 
priority cluster criteria and other clusters of concern 
detected through both molecular and other approach-
es. Cluster report forms promote communication  
between HDs and CDC and have information about 
methods of cluster detection, key cluster attributes, 
and cluster response activities (19). Using a secure 
REDCap (https://www.project-redcap.org) plat-
form, HDs submit initial cluster report forms, which 
have information on how the cluster was first detect-
ed, cluster size at detection, and other characteristics. 
Follow-up forms are submitted during the response 
to report ongoing response activities and findings, 
and annual/closeout forms are submitted at the end 
of the response (or annually for ongoing responses) to 
provide additional activity and outcome information.

When cluster report forms are submitted, jurisdic-
tions are also asked to enter cluster-related variables 
in eHARS for persons with HIV who are known to be 

part of the cluster. Cluster report forms and cluster-
related variables do not include personal identifiers. 
The variables include cluster identification numbers 
assigned locally and national cluster identification 
numbers for those clusters also identified through 
national cluster detection. That information enables 
HDs and CDC to elucidate characteristics and care 
status of persons with HIV who are part of reported 
clusters and help guide response activities.

Analysis
We assessed the number of diagnoses for which HIV 
sequence data were reported and described charac-
teristics of clusters detected through national molecu-
lar analysis during 2018–2023. We defined sequence 
completeness as the percentage of persons with a re-
ported HIV diagnosis for which a sequence of >100 
bp was reported. To characterize clusters identified 
through state/local cluster detection, we analyzed 
data reported on cluster report forms from 2020–2023.

Results

Sequence Reporting
Using data reported to CDC’s NHSS until December 
2023, we determined sequences were available for 
52% of HIV diagnoses during 2021–2023, an increase 

 
Table 2. Number of clusters detected each year through nationwide analysis of National HIV Surveillance System data by Centers for 
Disease Control and Prevention and state and local health departments, United States, 2018–2023* 
Characteristics 2018 2019 2020† 2021 2022 2023 Total no. 
National priority clusters detected‡ 69 74 48 61 77 75 404 
Clusters meeting national priority criteria as of 
December 2023‡ 

2 (3) 8 (11) 5 (10) 9 (15) 10 (13) 40 (53) 74 (18) 

Median cluster size when first detected (range) 7 (3–24) 8 (3–19) 8 (3–16) 7 (4–18) 7 (3–14) 7 (3–23) 7 (3–24)§ 
Median cluster size as of December 2023 
(range) 

17 (3–193) 17.5 (3–90) 20 (3–49) 16 (6–72) 11 (3–47) 9 (3–26) 13 (3–193)§ 

Clusters involving >1 jurisdiction as of December 
2023 

58 (84) 62 (84) 43 (90) 51 (84) 56 (73) 55 (73) 325 (80) 

Clusters with no primary jurisdiction at detection 6 (9) 9 (12) 4 (8) 5 (8) 5 (6) 6 (8) 35 (9) 
Jurisdictions with >1 cluster as the primary 
jurisdiction at detection¶ 

25 25 25 20 26 28 43# 

Jurisdictions with >1 cluster with substantial 
involvement** 

NA NA NA NA 27 31 NA 

Clusters with no jurisdiction ever substantially 
involved 

NA NA NA NA 2 (3) 5 (7) NA 

Clusters with only 1 jurisdiction ever substantially 
involved 

NA NA NA NA 68 (88) 67(89) NA 

Clusters with >2 jurisdictions ever substantially 
involved 

NA NA NA NA 7 (9) 3 (4) NA 

*Values are no. (%) except as indicated. NA, not applicable. 
†National cluster detection was not conducted for the March 2020 quarter because of disruptions related to the COVID-19 pandemic. 
‡National priority clusters are defined as clusters at the 0.5% genetic distance threshold with >5 diagnoses in the previous 12 months or >3 diagnoses in 
the previous 12 months in low-burden jurisdictions (those having <200 reported HIV diagnoses annually). National priority criteria is assessed on an 
ongoing basis. 
§Overall median and range. 
¶Primary jurisdiction is defined as the jurisdiction in which >50% of cluster members resided at the time of HIV diagnosis. If there is no single jurisdiction 
in which >50% of cluster members reside at diagnosis, no primary jurisdiction is assigned. 
#Total number of unique jurisdictions. 
**Substantial involvement in national priority clusters is defined as >3 diagnoses in a given jurisdiction (resident at diagnosis or current resident) in the 
previous 12 months. Multiple jurisdictions can be substantially involved in a cluster at the same time. 
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from 41% sequence completeness observed for the 
3-year period of 2016–2018 (as reported by December 
2018). During 2023, the median timeframe from col-
lection of the sample to receipt of the sequence at the 
HD was 34 (interquartile range 20–50) days.

National Molecular Analysis
During 2018–2023, CDC detected 404 national prior-
ity clusters (Table 2). An average of 67 (range 48–77) 
new clusters were detected each year; the fewest were 
detected during the COVID-19 pandemic peak in 
2020, when only 3 quarterly analyses were conduct-
ed. The median number of persons in each cluster at 
the time of detection was 7 (range 3–24). Clusters had 
grown to a median size of 13 (range 3–193) by Decem-
ber 2023; clusters detected in earlier years (and there-
fore with more time for potential growth) had higher 
median sizes as of December 2023. Of the 404 clusters, 
74 (18%) continued to meet national priority criteria 
in December 2023, indicating that the cluster had >5 
diagnoses during 2023 or >3 diagnoses in low-burden 
jurisdictions. Of 59 CDC-funded HDs, 43 (73%) were 
the primary jurisdiction for >1 cluster.

Most clusters spanned multiple jurisdictions; 
325 (80%) clusters involved >1 jurisdiction, including  
clusters with >1 diagnosis outside the primary jurisdic-
tion and those with no primary jurisdiction. Among 152 
clusters identified since substantial involvement was 
first systematically assessed beginning in 2022, 7 (5%) 
had no jurisdiction, 135 (89%) had only 1 jurisdiction, 
and 10 (7%) had >2 jurisdictions susbtantially involved.

State and Local Cluster Detection
Secure HIV-TRACE was first released in August 2017 
as an optional tool for jurisdictions collecting se-
quence data at that time. In January 2018, the applica-
tion became available to all jurisdictions as HIV CDR 
expanded. Use of Secure HIV-TRACE expanded over 
time. In January 2018, 30 HDs had been using Secure 
HIV-TRACE. By April 2024, 148 HD users represent-
ing 54 HDs had been using Secure HIV-TRACE and 
had uploaded 792,360 sequences to the application 
for cluster detection analysis.

During 2020–2023, a total of 403 (90–116/year) 
clusters newly detected through any method were re-
ported by HDs to CDC via cluster report forms (Fig-
ure 2). Of those, 298 (74%) were first detected through 
national or state/local molecular analysis; 248 (83%) 
of 298 were first detected through state/local analy-
sis. Clusters were most often (48%) reported by juris-
dictions in the South of the United States (Figure 3). 
The median size of molecular clusters first detected 
through state/local analysis was 7 (range 2–85) at 

detection, and 224 (90%) of 248 met national priority 
criteria when first reported. Of 59 CDC-funded juris-
dictions, 37 (62%) reported >1 cluster first detected 
through state/local molecular analysis.

Discussion
CDC and state and local HDs have successfully 
implemented routine detection and monitoring of 
clusters of rapid HIV transmission through analysis 
of molecular sequence data. Clusters of rapid HIV 
transmission are now frequently detected in the Unit-
ed States; both national and state/local molecular 
cluster analyses are essential for HIV cluster detec-
tion. Most jurisdictions have had >1 national priority 
cluster identified through CDC analysis, and most ju-
risdictions have reported a molecular cluster to CDC 
that was first identified through state/local molecular 
analysis. The higher frequency of reported clusters 
in the South is consistent with the greater burden of 
new diagnoses in that region (20). Multijurisdictional 
clusters are commonly identified, and clusters often 
exhibit ongoing growth many years after detection.

National and state/local cluster detection are 
complementary, both contributing to comprehen-
sive and timely cluster identification. Because NHSS  

Figure 2. Clusters of HIV newly reported to the Centers for Disease 
Control and Prevention by state and local health departments, 
United States, during 2020–2023. Clusters were reported to 
Centers for Disease Control and Prevention through cluster report 
forms. Methods by which clusters were first detected are indicated; 
nonmolecular cluster detection methods include time-space cluster 
detection, partner services, and provider notification. Numbers on 
top of bars indicate exact number of HIV clusters reported each year.
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datasets are only available quarterly, monthly state/
local cluster detection is essential for more timely 
cluster detection. Most molecular clusters reported to 
CDC by HDs have first been detected through state/
local analysis, promoting a timely response. In addi-
tion, state and local analyses enable flexibility to de-
tect clusters not yet meeting priority criteria but still 
of concern because of local epidemiology or other fac-
tors. Secure HIV-TRACE is the primary tool for state 
and local cluster detection. Although the tool used 
for cluster detection is not explicitly reported by HDs 
on cluster report forms, nearly all reported clusters 
detected through state/local molecular analysis have 
likely been detected by using Secure HIV-TRACE. 
That secure, accessible tool has been essential for im-
plementing cluster detection, and tool enhancements 
have improved identification and monitoring of clus-
ters meeting national or local priority.

State and local HIV surveillance systems in the 
United States are decentralized, and state/local clus-
ter detection analyses by HDs are limited to data from 
their own jurisdictions. Therefore, national-level clus-
ter detection conducted by CDC is essential for detec-
tion of multijurisdictional clusters; 20% of nationally 
identified clusters are missed by local cluster detec-
tion (21). HIV is a chronic infection, and persons liv-
ing with HIV in the United States are more mobile 

than the general US population (10). The frequent 
identification of multijurisdictional clusters is consis-
tent with findings that transmission networks are of-
ten geographically dispersed (11). Multijurisdictional 
involvement can range from a single diagnosis in an 
otherwise geographically focused cluster to clusters 
with no geographic focus. The substantial involve-
ment definition captures evidence of rapid transmis-
sion occurring in multiple jurisdictions, suggesting 
the need for meaningful response engagement and 
coordination from the jurisdictions involved.

Traditional approaches to identifying rapid trans-
mission, including time-space analysis, rely on ob-
serving increases in diagnoses in a population or area. 
However, those approaches are limited by factors 
such as a median HIV diagnosis delay of 3 years in the 
United States (22) and difficulty detecting increases in 
diagnoses in areas with higher baseline HIV incidence. 
In addition, populations are mobile (10), and detect-
ing geographically dispersed rapid transmission is 
difficult using traditional approaches (11). Molecular 
cluster detection can detect rapid transmission that is 
geographically dispersed or in areas with a high base-
line HIV incidence. Robust HIV surveillance systems 
are critical for effective cluster detection.

For cluster detection to have the intended ef-
fect, response is essential. Rapid transmission occurs 

Figure 3. Region of reporting health department for clusters of HIV newly reported to the Centers for Disease Control and Prevention 
by state and local health departments, United States, during 2020–2023. Clusters were reported to Centers for Disease Control and 
Prevention through cluster report forms. Numbers and percentages of clusters are indicated for each region.
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because affected communities are not adequately 
reached by existing services (1). Clusters affect vari-
ous populations and can grow rapidly (23,24); most 
clusters are associated with sexual transmission (24). 
Responses to clusters can vary depending on local 
priorities, resources, and needs identified through 
cluster investigation and might include individual, 
network, and structure-level interventions to ensure 
that testing, care, and prevention programs are reach-
ing persons and places that can most benefit. Re-
sponse activities and outcomes have been previously 
described (2,19).

Evidence that HIV CDR strengthens HIV preven-
tion and care services has been observed in a growing 
body of field investigations, as well as analytic and 
modeling studies (2,6,7,25). Priority clusters corre-
spond to underlying networks that are 3–9 times the 
size of the detected cluster; those networks have high 
transmission rates and disproportionate numbers of 
persons with undiagnosed HIV infections, indicat-
ing opportunities for public health intervention (25). 
Clusters can grow rapidly (23) and contribute dispro-
portionately to future infections (6,7).

Community engagement is essential to imple-
ment HIV CDR. Although analysis of molecular data 
provides a unique and powerful tool to identify com-
munities affected by rapid HIV transmission, some 
advocates and community members have raised con-
cerns about collection and analysis of molecular se-
quence data, including concerns about the potential 
use of molecular HIV data in criminal transmission 
cases (26,27). CDC has held numerous discussions 
with community members, community-based organi-
zations, advocates, and other key partners to inform 
responsible establishment of CDR activities and guide 
the use of sequence data (27,28). CDC has strong se-
curity measures to ensure privacy and confidentiality 
of persons with HIV, requires health departments to 
comply with data security and confidentiality guide-
lines, and has further strengthened guidance for pro-
tection of sequence data (29,30). Secure HIV-TRACE 
is not an open database. The deidentified individual-
level information submitted to NHSS is not publicly 
available. Given the potential harms of disclosure, 
CDC’s data use agreement prohibits release without 
individual-level consent. CDC also requires HDs to 
communicate and collaborate with community mem-
bers and partners for input on CDR activities and to 
design responses to specific clusters and outbreaks, 
including, where needed, enhancing or improving 
processes or procedures for protecting privacy and 
confidentiality (1,30,31). That engagement helps HDs 
address community concerns, provides a foundation 

for trust and collaboration, and supports collabora-
tion with community partners for cluster response.

We are in an era where we have the tools to suc-
cessfully treat and prevent HIV. However, those tools 
often do not reach the persons who need them most. 
Molecular cluster detection enables us to identify rap-
id HIV transmission that would have previously been 
unrecognized. That detection creates new opportuni-
ties to identify and close gaps in HIV prevention and 
care services and advances efforts to end the HIV epi-
demic in the United States.
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Listeria monocytogenes is an etiologic agent for 
gastroenteritis but can also cause serious inva-

sive disease (1). The incidence of invasive listeriosis 
is relatively low, but the case-fatality rate is one of 
the highest among foodborne infections (2,3). The 
severity of L. monocytogenes infection, along with its 
ubiquitous environmental presence and frequent 
outbreaks from commercially manufactured foods, 
results in major social and economic impacts (4–6). 
Collecting detailed information for both the case and 
the pathogen enhances the success of public health 
investigations.

Whole-genome sequencing (WGS) provides 
high-resolution characterization of pathogens and 
has been shown to be critical in identifying out-
break clusters, separating outbreaks from endemic 
cases, and linking food and environmental samples 
to human cases with greater confidence (7,8). Con-
sequently, WGS has been implemented for routine 
surveillance of L. monocytogenes in several countries, 
including Australia (9–16).

In Australia, invasive listeriosis has been a notifi-
able disease since 1991 and is recorded in the National 
Notifiable Diseases Surveillance System (NNDSS) (17). 

Effects of Decentralized Sequencing 
on National Listeria monocytogenes 
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We assessed turnaround times in the national Listeria 
monocytogenes genomic surveillance system in Australia 
before and after decentralized sequencing. Using 1,204 
samples collected during 2016–2023, we observed statis-
tically significant reductions in median time from sample 
collection to issuance of national genomic surveillance 
report to 26 days, despite sample numbers doubling in 
2022 and 2023. During 2016–2018, all jurisdictions re-
ferred samples to the National Listeria Reference Labora-
tory for sequencing and analysis, but as jurisdictional se-
quencing capacity increased, 4 jurisdictions transitioned 

to sequencing their own samples and referring sequence 
data to the national laboratory. One jurisdiction had well-
established genomics capacity, transitioned without no-
ticeable disruption, and continued to improve. Another 3 
jurisdictions initially had increased turnaround times, high-
lighting the need for defined sequence referral mecha-
nisms. Overall, timeliness and throughput improved, and 
sequencing decentralization strengthened Australia’s ge-
nomic surveillance system while maintaining timeliness. 
The practices described could be beneficial and achiev-
able in other countries.
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Public health monitoring and action is managed by 
OzFoodNet, the national foodborne disease surveil-
lance network. In 2010, the National Enhanced Liste-
riosis Surveillance System (NELSS) was established to 
collate both enhanced epidemiologic data from cases 
and molecular laboratory data from isolates (18,19). 
Once NELSS was established, the National Listeria 
Reference Laboratory (NLRL), based at the Micro-
biological Diagnostic Unit Public Health Laboratory 
(MDU PHL) in the state of Victoria, was tasked with 
providing national molecular characterization of all re-
ferred L. monocytogenes samples, including typing with 
pulsed-field gel electrophoresis (PFGE). In July 2015, 
the NLRL commenced routine WGS for all referred 
samples and, after a 12-month trial of parallel use with 
PFGE, WGS became the preferred typing method (20). 
The NLRL also conducts centralized genomic analysis 
and issues a national genomic surveillance report.

As a federation, Australia’s 8 jurisdictions are 
independently responsible for their public health 
activities, including pathogen genomics. Since 2016, 
genomic sequencing capacity has expanded in Aus-
tralia; MDU PHL continued WGS for Victoria, and 
4 additional jurisdictions successively became re-
sponsible for their own L. monocytogenes WGS during 
2018–2023. The other 3 jurisdictions still refer samples 
to the NLRL for WGS. We investigated the timeliness 
and continued evolution of national L. monocytogenes 
surveillance from the perspective of the transition to 
a decentralized sequencing model.

Materials and Methods

Setting
Australia is a federated nation composed of 8 jurisdic-
tions and had a combined estimated residential popula-
tion of 27,000,000 in 2023 (21). We obtained annual liste-
riosis incidence rates from the NNDSS dashboard (17).

In Australia, samples from listeriosis notifica-
tions and relevant positive food and environmental 
samples are forwarded to public health laboratories 
(PHL) in each jurisdiction for confirmation, and PHLs 
subsequently refer sequences or isolates to the NLRL 
for national genomic analysis (Figure 1). Sequencing 
and bioinformatic analysis of L. monocytogenes at the 
NLRL are to ISO 17025 and ISO 15189 standards and 
accredited by the Australian National Association of 
Testing Authorities (https://www.nata.com.au).

Study Sample Dataset
This study included all L. monocytogenes samples re-
ferred to the NLRL for sequencing and all L. mono-
cytogenes sequences referred by PHLs during 2016–

2023, representing the first complete year of WGS to 
the most recent full year of data. Sample metadata 
included referring laboratory, residential jurisdiction 
of the case, and sample source categorized as hu-
man, food, or environmental. All sequence data were 
generated on Illumina (https://www.illumina.com) 
platforms, and the NLRL analysis workflow applied 
quality control thresholds of >40× coverage, L. mono-
cytogenes species detected, and genome size within 
10% of expected maximum genome size. We as-
sessed timeliness of the genomic surveillance system 
by using temporal data, including date sample was 
collected, date sample was received at the jurisdic-
tional PHL, date sample was sequenced, date NLRL 
received sample or sequence data, and date NLRL is-
sued national genomics report.

Statistical Analysis
We used a Shapiro-Wilk test to assess for normality in 
the processing times at each stage, for each year, and 
for each jurisdiction. We excluded years with <3 ob-
servations from the normality testing. Because most 
of the dataset was not normally distributed, we used 
a nonparametric Kruskal-Wallis test to assess differ-
ences in processing times across years and, where 
statistically significant (p<0.05), performed a Dunn’s 
posthoc test with Bonferroni correction on the pair-
wise comparison of years for each jurisdiction.

Results

Notifications and Study Sample Set
Listeriosis became a notifiable disease in Australia in 
1991. The average number of notifications recorded 
in the NNDSS was 65.2 (range 35–93) cases/year. The 
annual incidence rate of listeriosis remained relative-
ly stable since 1991, ranging from 0.2 to 0.4/100,000 
population.

During 2016–2023, Australia had 545 notified lis-
teriosis cases, and yearly case numbers ranged from 
43 to 89. We included a total of 543 sequences from 508 
individual cases in the study, representing sequences 
from an average of 93.2% (range 87.3%–100%) of cas-
es per year. We also included an additional 418 se-
quences of L. monocytogenes cultured from food sam-
ples and 243 sequences from environmental samples, 
bringing the complete dataset to 1,204 samples.

Samples from the 2 most populous jurisdictions, 
New South Wales (NSW) and Victoria (VIC), made up 
65% of the dataset, and Queensland (QLD) and South 
Australia (SA) comprised another 22.5% (Figure 2). 
All jurisdictions submitted isolates or sequences from 
human, food, and environmental sources, except 

S90	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 31, No. 13, Supplement to May 2025 

https://www.nata.com.au
https://www.illumina.com
http://www.cdc.gov/eid


Listeria monocytogenes Surveillance, Australia

Northern Territory (NT) and Western Australia (WA). 
However, the distribution was uneven; VIC had a 
high (49%) percentage of food samples and NSW had 
a high (43%) percentage of environmental samples, 
demonstrating some differences in investigation prac-
tices. We noted a marked increase in the number of 
submissions from 2021 onward, mainly driven by in-
creases from food and environmental sources.

Sample Referral Pathways
Samples from notified cases and food and environ-
mental sources from all jurisdictions are referred to 
the NLRL for inclusion in genomic analysis (Figure 1, 
panel B). Before 2018, all jurisdictions referred either 
primary samples (food or environmental) or cultured 
isolates to the NLRL where, after L. monocytogenes 

culture, if required, isolates were subject to WGS and 
bioinformatic analysis. PHLs gradually transitioned 
to performing sequencing locally and referring L. 
monocytogenes genome sequences to the NLRL for in-
clusion in the national analysis. By 2023, four juris-
dictions had transitioned to local sequencing: QLD in 
2018, NSW in 2019, SA in 2020, and WA in 2021. The 
NLRL processed samples from VIC and continued to 
support NT, Australian Capital Territory (ACT), and 
Tasmania (TAS) with WGS services.

Genomic Surveillance Reporting
The genomic surveillance report includes samples col-
lected within a 24-month rolling window and provides 
phylogenetic and clustering data, including historical 
data for context when relevant. Single-linkage clustering 
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Figure 1. National decentralized sequencing system for Listeria monocytogenes genomic surveillance, Australia. A) Eight jurisdictional 
public health laboratories contributing to genomic surveillance. The NLRL is based at the Microbiological Diagnostic Unit (MDU) PHL 
in the state of Victoria. B) Overview of the steps in the national genomic surveillance system; dots indicate where sample processing 
occurs. The process is the same for human and nonhuman samples. For jurisdictions ACT, NT, TAS, and VIC, sequencing is performed 
by the NLRL at the Microbiological Diagnostic Unit PHL. The unfilled circle indicates that some samples are referred directly from the 
primary pathology laboratory to NLRL. For jurisdictions NSW, QLD, SA, and WA, the referral pathway transitioned during 2018–2021 
from sequencing performed by the NLRL to jurisdictional sequencing and referral of sequences for genomic analysis. ACT, Australian 
Capital Territory; NLRL, National Listeria Reference Laboratory; NSW, New South Wales; NT, Northern Territory; PHL, public health 
laboratory; QLD, Queensland; SA, South Australia; TAS, Tasmania; VIC, Victoria; WA, Western Australia.
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is performed and reported as highly related if the pair-
wise difference is <5 single-nucleotide polymorphisms, 
and possibly related if the pairwise difference is 6–20 

single-nucleotide polymorphisms. Since genomic sur-
veillance began in 2015, NLRL has issued >200 formal 
national L. monocytogenes genomic surveillance reports. 
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Figure 2. Summary of Listeria monocytogenes samples included in a study of effects of decentralized sequencing on national L. 
monocytogenes genomic surveillance, Australia, 2016–2023. A) Number of samples per year by source; B) number of samples per 
jurisdiction per year and source. Total number of samples per jurisdiction are provided; note varying scales of the y-axes. A notable 
increase in samples from food and environmental sources has occurred since 2021. ACT, Australian Capital Territory; NSW, New South Wales;  
NT, Northern Territory; QLD, Queensland; SA, South Australia; TAS, Tasmania; VIC, Victoria; WA, Western Australia.
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Those reports are distributed to the referring PHLs, and 
to the national coordinating OzFoodNet epidemiolo-
gists and jurisdictional OzFoodNet epidemiologists. Re-
ports are issued every 2 weeks, but genomic analysis is 
conducted weekly at a minimum and more frequently 
during outbreak investigations (Appendix 1, https://
wwwnc.cdc.gov/EID/article/31/13/24-1357-App1.
pdf). Critical findings from analyses are communicated 
immediately to epidemiologists via phone or email.

National Genomic Surveillance System Timeliness

Overall System Timeliness
In the dataset of 1,204 samples, we excluded 39 histori-
cal samples because those samples were not sequenced 
in real time. Thus, the timeliness analysis included 1,165 
samples. We calculated the end-to-end turnaround 
times of the surveillance system, from date of sample 
collection to issuance of the national genomic surveil-
lance report (Figure 3). We observed a pattern of pre–
COVID-19 pandemic improvements but a statistically 
significant increase in turnaround times in 2020 and 
2021 compared with previous years (pairwise compari-
sons years 2016 to 2021, adjusted p<0.001 to p = 0.029), 
and subsequent time reductions in 2022 and 2023 (ad-
justed p<0.001). We also observed a statistically signifi-
cant improvement in timeliness between 2016 (median 
32 days) and 2023 (median 26 days) (adjusted p<0.001).

We noted differing patterns of timeliness across the 
jurisdictions (Appendix 2 Figure 1, https://wwwnc.

cdc.gov/EID/article/31/13/24-1357-App2.pdf), and 
all jurisdictions, except NT, showed statistically signifi-
cant changes over the years (p<0.001–0.007). NT had 
too few observations for analysis. VIC was the most 
stable, consistently maintaining median turnaround 
times of 24–27 days, although that range increased in 
the 2 most recent years, and VIC had a significantly 
higher median in 2022 (p = 0.032) compared with other 
all years (p<0.001). Of the jurisdictions that have tran-
sitioned from referring samples to referring sequences, 
NSW remained consistent over time but had larger 
variations in median turnaround times, 24–42 days, 
and higher upper limits, 60–70 days, not considering 
outliers (Figure 3). NSW and QLD demonstrated sta-
tistically significant improvements in 2023 compared 
with 2016 (Table). However, QLD, SA, and WA all 
showed increases in median and range of turnaround 
times immediately after transitioning to referring se-
quence data instead of isolates.

When comparing the 2016 and 2023 median turn-
around times for only human samples, we noted most 
jurisdictions improved timeliness (Appendix 2 Figure 
2). We noted statistically significant variations only in 
NSW (p<0.001) and WA (p<0.02), despite the appear-
ance of large variations in the SA and QLD data for 
human sequences.

We also assessed time before and after transi-
tioning to sequence referrals for the 4 relevant states 
(Appendix 2 Figure 3). Although NSW did not 
show any difference before and after transition, the 
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Figure 3. Box and whisker representation of end-to-end timeliness in a study of effects of decentralized sequencing on national Listeria 
monocytogenes genomic surveillance, Australia, 2016–2023. Time represents date of sample collection to date genomic surveillance 
report was issued, by year. Boxplots show medians (vertical lines within boxes), First and third quartiles (box left and right edges), and 
1.5× interquartile range from each quartile (whiskers); points outside that range are considered outliers. Underlying data are shown as 
dots, and dot size corresponds to the number of samples at each timepoint. Statistically significant differences (p<0.001) between the 
years were calculated by using Kruskal-Wallis χ2 test. Dunn’s posthoc test showed statistically significant (p<0.001) increases in times 
for years 2020 and 2021, compared with previous years (p = 0.029), and subsequent significant decreases in times in 2022 and 2023 
(adjusted p<0.001). Median time in 2023 was 26 days, compared with a median of 32 days in 2016. 
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3 other states had significant differences in median 
turnaround times (p<0.001). Only the 2 earliest tran-
sitioning states, QLD (adjusted p<0.001) and NSW 
(adjusted p = 0.003), achieved medians in 2023 that 
were significantly lower than those of 2016.

Primary Referral Time
The time for collection of human samples to referral of 
samples to the jurisdictional PHLs was consistent over 
time; median times were ≈5 days and upper limits <10 
days for most jurisdictions except NSW (Table; Ap-
pendix 2 Figure 4). In VIC, SA, TAS, and particularly  

WA, referral of food samples had higher upper time 
limits. However, VIC had a reduced median because 
a large number were referred in <1 day. We also ob-
served that trend in NSW and QLD.

Sequencing Times
Median processing times, from sample receipt at the 
PHL to date sequencing preformed, were relatively 
consistent (10 days) across jurisdictions, with some 
minor improvements between 2016 and 2023 (Table; 
Appendix 2 Figure 5). The sequence processing times 
include potential culturing of samples received as 
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Table. Sample processing times used in a study of effects of decentralized sequencing on national Listeria monocytogenes genomic 
surveillance, Australia, 2016–2023* 

Collection year 
Median time, d (range) 

ACT NSW NT QLD SA TAS VIC WA 
Overall referral time†         
 All sample sources         
  2016 ND 29 (15–106) ND 36 (30–55) 37 (33–61) 34 (29–39) 25 (15–37) 44 (36–65) 
  2023 36 (36–43) 24 (10–65) 75 (28–122) 20 (12–43) 45 (14–71) 30 (18–32) 26 (12–56) 50 (26–187) 
  p value ND 0.003 ND <0.001 NS NS NS NS 
Primary referral time‡         
 Human samples         
  2016 ND 5 (1–14) ND 4 (3–7) 2 (2–3) 4 (4) 5 (2–10) 6 (2–10) 
  2023 13 (12–13) 6 (0–20) 3 (3) 5 (2–6) 3 (1–5) 9 (8–9) 3 (1–7) 4 (0–10) 
  p value ND NS ND NS NS NS <0.001 NS 
 Food samples         
  2016 ND 1 (1) ND 1 (0–11) ND 19 (19) 4 (0–14) ND 
  2023 15 (15) ND ND 0 (0–2) 9 (6–17) 9 (9) 4 (0–25) 32 (0–129) 
  p value NS ND ND NS ND 0.026 NS ND 
 Environmental samples         
  2016 ND 1 (0–2) ND 1 (1) ND ND 0 ND 
  2023 ND 1 (1) ND ND 29 (29) ND 1 (0–6) ND 
  p value ND NS ND ND ND ND NS ND 
Sequencing time§         
 Human samples         
  2016 ND 10 (3–18) ND 10 (8–14) 10 (5–13) 11 (11) 10 (6–18) 12 (10–20) 
  2023 13 5 (1–12) 11 (10–11) 8 (2–12) 3 (2–5) 8 (6–11) 8 (5–11) 6 (1–12) 
  p value ND <0.001 ND 0.014 NS NS 0.003 NS 
 Food samples         
  2016 ND 3 (3–10) ND 14 (10–18) ND 16 (16) 20 (15–20) ND 
  2023 9 (9) 15 (5–15) ND 7 (6–14) 9 (6–14) 8 (7–9) 11 (6–25) 7 (2–8) 
  p value ND <0.001 ND NS ND NS 0.002 ND 
 Environmental samples         
  2016 ND 10 (3–14) ND 14 (14) ND ND 17 (17) ND 
  2023 ND 5 (2–5) ND ND 6 (6) ND 16 (9–21) ND 
  p value ND <0.001 ND ND ND ND NS ND 
Sequence referral time§         
 All sample sources         
  2016 ND 20 (9–96) ND 27 (13–41) 25 (17–52) ND ND 34 (21–48) 
  2023 ND 12 (4–54) ND 12 (3–19) 26 (7–31) ND ND 12 (7–26) 
  p value ND <0.001 ND <0.001 NS ND ND 0.007 
Genomic analysis time#         
  2016 ND 11 (0–14) ND 8 (1–11) 10 (4–17) 9 (4–14) 8 (3–17) 9 (2–11) 
  2023 19 (15–19) 8 (1–13) 7 (2–12) 1 (1–19) 9 (3–14) 12 (4–15) 9 (1–21) 14 (3–18) 
  p value ND 0.025 ND 0.002 NS NS NS <0.001 
*Times are shown as median (range) in days for each jurisdiction for years 2016 and 2023, and adjusted p values from Dunn’s post-hoc tests of pairwise 
comparisons. Range defined as data points within 1.5 from each quartile, with points outside interquartile range considered outliers. ACT, Australian 
Capital Territory; ND, no data available; NS, not statistically significant; NSW, New South Wales; NT, Northern Territory; QLD, Queensland; SA, South 
Australia; TAS, Tasmania; VIC, Victoria; WA, Western Australia. 
†Date of collection to date genomic surveillance report issued. 
‡Date of collection to date sample received at jurisdictional public health laboratory. 
§Date received at jurisdictional public health laboratory to date sequenced. 
¶Date received at jurisdictional PHL to date sequence available for bioinformatic analysis at the National Listeria Reference Laboratory. 
#Date received at national Listeria reference laboratory to date national genomic report issued. 
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primary specimen. Processing times for human sam-
ples improved considerably between 2016 and 2023 
in NSW, SA, VIC, and WA. The sequence processing 
times for food samples were similar to those of human 
samples in all jurisdictions except VIC. The difference 
for VIC can be explained by the referral workflow, 
in which the NLRL in VIC would predominantly re-
ceive cultured food isolates from other jurisdictions 
for sequencing, but NLRL received local VIC samples 
as primary specimens that require culture and isola-
tion before sequencing. The considerable improve-
ments we noted in VIC for the 2 most recent years can 
partially be attributed to a larger number of local food 
samples received as cultured isolates.

Effects of Transition to Sequence Referral
To compare the effect of transitioning to sequence re-
ferral, we considered the entire process from sample 
collection to bioinformatic analysis, thereby account-
ing for processing times at each phase, including cul-
turing and isolation, sequencing, and sample or se-
quence referral, either at the jurisdictional PHL or the 
NLRL (Appendix 2 Figure 6). Median processing time 
at each of the 4 jurisdictions before and after transition 
showed significant reductions associated with refer-
ral of sequences for NSW (adjusted p<0.001) and QLD 
(adjusted p<0.001), but a significant increase in pro-
cessing times for referred sequences in SA (adjusted 
p = 0.015). We found no overall significant differences 
for WA. We noted considerable variation in processing 
times between years for QLD, SA, and WA, but NSW 
was more stable. Comparing the extreme timepoints 
of 2016 and 2023, we observed statistically significant 
reductions for NSW (adjusted p<0.001), QLD (adjusted 
p<0.001), and WA (adjusted p = 0.007).

Genomic Analysis Times
We calculated the genomic analysis times on the basis 
of the date a sequence was available (either sequenc-
ing completed at the NLRL or PHL sequence received 
by the NLRL) and the date the fortnightly genomic 
surveillance report was issued (Appendix 2 Figure 7). 
Thus, times varied depending on when in the report-
ing cycle the sequence became available. Genomic 
analysis and reporting were consistent and timely 
across the study period;  84.4% (983/1,165) of sam-
ples were reported within a 14-day reporting cycle 
and 99.4% (1,158/1,165) of samples reported within 
2 reporting cycles. 

Given the potential effect of the fortnightly re-
porting cycle, we analyzed the time from sample col-
lection to a sequence being available for analysis and 
reporting. The pattern for all jurisdictions remained 

unchanged, but the shortest times in 2023 were just 5–8 
days for NSW, QLD, VIC, and SA (data not shown).

Discussion
We describe the maturation of a multijurisdic-

tional genomic surveillance system for L. monocy-
togenes in Australia and the effects of transitions to 
decentralized sequencing of isolates as local genomic 
capacity improved. The overall median time for ge-
nomic data to be available was 32 days in 2016, but 
2023, the last year in the review, demonstrated the 
lowest recorded median at 26 days. That difference 
is a marked improvement when compared with the 
predecessor analysis method of PFGE, in which the 
median time from notification to data availability to 
NELSS during 2010–2013 was 50 days (18). We be-
lieve the reductions we report are associated with use 
and increased capacity of automated robotics work-
flows for WGS; accelerated establishment of strong 
WGS capacity during the COVID-19 pandemic; and 
replacement of a physical sample transport step, and 
potential batching of samples for courier transport, 
with electronic data transfer. Compared with the first 
full year of genomic data from the system in 2016, the 
overall median end-to-end processing time was lower 
in 2022 and 2023 despite a substantial increase in the 
number of samples, mainly food and environmen-
tal samples. The shift to decentralized sequencing 
in some jurisdictions might contribute to the ability 
of the system to manage increased sample volumes 
without detrimental effects on the timeliness.

Of the 4 jurisdictions that transitioned to se-
quence referral to NLRL, 3 had considerable increas-
es in overall turnaround times after shifting to PHL 
sequencing for L. monocytogenes but then resumed a 
downward trajectory in turnaround times. Delays as-
sociated with sample batching resulting from limited 
throughput could be expected during the early stages 
of establishing sequencing capacity but were not evi-
dent from the sequencing times we observed. Instead, 
we mainly observed delays in referral of sequences to 
the NLRL. In part, those transitions coincided with 
the COVID-19 pandemic, during which all PHLs 
were managing an unprecedented additional work-
load from real-time SARS-CoV-2 sequencing. Delays 
might also have been associated with a lack of a na-
tional protocol for inclusion of nonhuman samples in 
the national genomic analyses and variability in the 
software solutions and processes for sequence refer-
rals. Those observations highlight the need to define 
and adequately resource sequence referral mecha-
nisms during implementation of local sequencing to 
ensure optimal turnaround times.
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Sequencing capacity was strengthened across 
all jurisdictions in Australia during the COVID-19 
pandemic. After the initial years of the pandemic, 
sequencing priorities were realigned, which enabled 
PHLs to apply the enhanced WGS capacity to other 
pathogens. The capacity for continued improvement 
speaks well for the future national capability of man-
aging increased volumes of nonhuman samples to 
improve source identification for L. monocytogenes. 
The benefits of integration of cross-sectoral samples 
(food and environment) were immediately apparent 
after the implementation of genomic analysis in Aus-
tralia, and the sequence from an unresolved case was 
linked to stone fruits imported from the United States 
when the sequence was deposited in GenomeTrakr 
(22). By late 2024, Australia had contributed 770 se-
quences to GenomeTrakr, and that network and the 
Pathogen Detection Portal continue to be a highly 
valuable resources for monitoring potential common 
outbreak sources with international data (9,16).

The fact that listeriosis notification rates remained 
stable in Australia over the study period is an indica-
tion that public health management of listeriosis re-
mains complex. Although WGS has greatly enhanced 
the capacity to detect and characterize outbreaks, its 
effectiveness in reducing overall case numbers is con-
tingent on rapid and comprehensive public health 
actions, effective control of persistent contamination 
sources, and improvements in food safety protocols 
and compliance. Large-scale analysis of international 
data has shown numerous multinational clusters and 
emphasized the power of genomics to manage the 
challenges of persistent environmental contamina-
tion and highly interconnected food supply networks 
(15,23). The observation of long-term clusters and 
limited initial epidemiologic signals is further echoed 
in descriptions from other national genomic surveil-
lance programs (10,11,13,14,24–27). Those findings 
make a strong argument for coordinated monitoring 
of L. monocytogenes at the global level through con-
sistent and timely data sharing from national surveil-
lance efforts.

Here, we have shown the evolution of timeliness 
in a longstanding national genomic surveillance sys-
tem for L. monocytogenes and an immediate 30% re-
duction in median processing time compared with 
PFGE, then a further 20% reduction to 26 days from 
sample to notification report observed in 2023. We 
also demonstrated that surveillance processes can 
be disrupted and result in delays in data availability 
during the establishment of decentralized sequencing 
processes but that those disruptions can be resolved 
as the capacity matures. Of note, we found that when 

genomic capacity was already strong in the referring 
jurisdiction, the transition was managed without no-
ticeable detrimental effects, even in the extraordinary 
circumstances of the COVID-19 pandemic response. 
That finding should be considered when making pro-
cess changes for pathogens that have time-sensitive 
surveillance objectives. 

In summary, we report the overall picture for 
decentralized sequencing of L. monocytogenes in 
Australia as one of reduced turnaround times and 
continued improvement. Decentralization of se-
quencing strengthened the genomic surveillance 
system in the country through increased throughput 
while maintaining timeliness. Such practices could 
be beneficial and achievable in other countries with 
sequencing capacity.
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In January 2024, a board and care facility (facility 
A) in the San Francisco Bay area, California, USA, 

reported 4 cases of Shigella sonnei infection to the Al-
ameda County Public Health Department (ACPHD; 
San Leandro, California, USA). Shigellemia was con-
firmed in 3 patients. In February 2024, an independent 
living center (facility B) reported 3 cases of Shigella 
infection. Shigella bacteremia was confirmed in 2 pa-
tients (Figures 1,2). Shigella bacteremia (shigellemia) is 
rare but associated with immature immune responses 
or immunocompromised adults (1). We performed 
a 10-year retrospective review of Shigella cases in Al-
ameda County and found 0.7% of cases had positive 
blood samples reported, consistent with other reviews 
on Shigella bacteremia (2). The 7 cases from 2 facilities 
prompted patient investigations at facilities A and B, 
and investigations into other S. sonnei patients in Al-
ameda County during December 2023–February 2024.

Methods and Materials
Case investigations were limited but included 
symptom onset, severity, housing status, and other  

attainable risk factors. The outbreak investigation 
linked patients from facility B and 2 unhoused com-
munity members to a third location (facility C) where 
marginally housed community members gather. No 
clear transmission pattern was determined through 
epidemiologic investigation. We identified 19 geno-
typically identical S. sonnei isolates during December 
2, 2023–February 26, 2024, among all cases in facilities 
A, B, and C.

Of the 19 patients, 13 (68%) were male and 6 (32%) 
female; median age was 59 years, and 9 (47%) were 
White and 10 (52%) non-Hispanic. Case investiga-
tions were completed on 16 of the 19 patients; 5 (26%) 
were experiencing homelessness, 4 (21%) were asso-
ciated with facility A, 3 (15%) were associated with 
facility B, 4 (21%) had stable housing, and 3 (15%) had 
unknown housing. Drug use history was known in 
3 patients. Of the 5 patients with shigellemia, 1 re-
ported drug use. Sexual contact was unknown or de-
nied during the incubation period for all patients. All 
treatment regimens where data were available were 
appropriate for the antimicrobial drug susceptibility 
data; all patients recovered.

Of the 3 patients associated with facility C, 2 were 
experiencing homelessness and 1 volunteered as a 
food handler at facility C while ill. The third patient 
from facility B visited facility C and had symptoms 
develop 14 days after exposure to the food handler 
at facility C. No other epidemiologic links were es-
tablished among the 19 cases. No comorbidities were 
found in electronic medical records. However, deter-
mining precise risk factors in patients experiencing 
homelessness, such as where they sheltered during 
their infectious period, contact with each other, using 
the same resources, public restrooms or transporta-
tion, was not possible.
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Results
Whole-genome sequencing (WGS) of Shigella isolates 
revealed highly similar sequences, suggesting an epi-
demiologic link. The time from notification of a poten-
tial outbreak in facility A to WGS confirmation was 
8 days. We genotyped the isolates, which belonged 
to genotype 3.7.26, as previously described (3). This 
method removes repetitive regions with higher rates 
of potentially erroneous single-nucleotide polymor-
phisms (SNPs). The method simplified interpretation 
by providing a numerical genotype, making it easy to 
determine close ancestry and it was part of our rou-
tine bioinformatics workflow (4). References for gen-
otype 3.7.26 are from the United Kingdom (2013) and 
France (2014). We confirmed phenotypic multidrug 
resistance by using antimicrobial drug resistance 
gene detection (Appendix, https://wwwnc.cdc.gov/
EID/article/31/13/24-1307-App1.pdf).

During the retrospective sequencing of S. sonnei 
from patients treated in Alameda County, we identified  

patients with highly similar isolates in neighboring 
counties. The lack of specific links in the investiga-
tion and detection of cases from neighboring counties 
prompted ACPHD to notify the California Depart-
ment of Public Health in March 2024, which led to a 
prioritization of Shigella isolates for sequencing. A 
total of 75 genetically related isolates were identified 
by California Department of Public Health by using 
PulseNet whole-genome multilocus sequence typ-
ing (MLST) (5), which showed relatedness but did 
not incorporate metadata. To reconstruct the spatial 
transmission dynamics of the outbreak, we performed 
a time-resolved, phylogeographic method known 
as the marginal approximation of the structured co-
alescent (MASCOT-skyline) in collaboration with the 
University of California, San Francisco. This approach 
uses Bayesian inference to reconstruct spatiotemporal 
transmission of pathogens and is implemented in the 
open-source program BEAST2 (6). MASCOT-skyline 
incorporates sampling time and sampling location of 
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Figure 1. Epidemiologic curve 
showing specimen collection 
dates of shigellemia cases 
and housing status in Shigella 
sonnei case investigation with 
known linkages, California, USA, 
2023–2024.

Figure 2. Diagram showing the 
number of cases from linked 
facilities, the housing status 
of patients, and the linkage 
between cases in Shigella 
sonnei case investigation with 
known linkages, California, USA, 
2023–2024. 
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isolates. MASCOT-skyline then infers a posterior es-
timate of where the bacterial lineage was in the past. 
From this result, we inferred that all isolates were the 
result of a single introduction into the area (7; N.F. 
Müller, et al., unpub. data, https://pmc.ncbi.nlm.nih.
gov/articles/PMC10942421). We obtained the mo-
lecular clock rate by contextualizing outbreak samples 
with 24 S. sonnei Pulsenet sequences from 2015–2023 to 
ensure an appropriate number of samples and the time 
span to effectively estimate the clock rate. The mean 
clock rate for the core-genome SNP alignment (length 
1491 bp) was 3.341 × 10−3 substitutions per site per 
year. The sequences formed a distinct cluster from all 
other historical sequences (Figure 3). We inferred time 
to most recent common ancestor was most likely June 
2023 (95% CI November 2022–August 2023), provid-
ing an upper bound on the time of introduction (Figure 
4). We analyzed the outbreak at a more granular scale 
by using the same regional alignment and fixing clock 
rate while removing contextual sequences. We found 
the samples were geographically clustered by county 
within the outbreak (Figure 5).

One patient was a food handler at facility C,  
but no evidence of foodborne transmission was 
found. The shigellemia cases prompted us to  
investigate this cluster; however, patients were 
immunocompetent, and virulence markers were 
identical to nonbloodstream infections. Host fac-
tors such as intravenous drug use and sexual con-
tact were incomplete and remain possible factors  
for shigellemia. 

Discussion
The advent of phylodynamic approaches and ge-
nomic epidemiology has provided public health 
with additional insight into the spread of diseases, 
transmission chains, and mutations when using 
laboratory data paired with epidemiologic informa-
tion. In this article, we demonstrate the use of phy-
lodynamic modeling alongside a traditional case in-
vestigation to better determine outbreak dynamics 
and inform public health actions. Bacterial genomic 
epidemiology has historically relied on MLST, SNPs, 
whole-genome MLST, or a combination of techno-
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Figure 3. Maximum clade 
credibility tree of outbreak 
samples and contextualized 
Shigella sonnei isolates from the 
United States, 2015–2023. The 
color scale denotes the probability 
of the node below each branch 
being in the San Francisco Bay, 
California, USA, area. Inferred by 
using MASCOT (6).
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logic tools. However, those tools do not enable us 
to characterize the direction and timing of disease 
spread. SNP cutoff levels have shown variable  
specificity and sensitivity in identifying closely re-
lated bacterial isolates (8).

We also describe the role of the local public 
health laboratory to initiate enhanced WGS of S. son-

nei to discover unlinked cases and identify a regional 
outbreak. We describe the timeline of the outbreak 
identification, notification of the state public health 
department, and phylodynamic methods to provide  
evidence of a single introduction and incorporate 
metadata into bacterial genomic epidemiology. 
However, those models do not guarantee complete 
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Figure 4. Distribution curve of 
the predicted dates of the most 
recent common ancestor of 
the Shigella sonnei outbreak 
isolates, California, USA, 
2023–2024. The plot shows 
the posterior density for the 
common ancestor times of the 
Shigella sequences collected 
in the San Francisco Bay, 
California, USA, area. For a 
single introduction, the common 
ancestor time provides a 
lower bound on the timing of 
the introduction into the San 
Francisco Bay area.

Figure 5. Phylogenetic tree 
of Shigella sonnei outbreak 
isolates in the San Francisco 
Bay, California, USA, area with 
spatiotemporal metadata and 
tree uncertainty, 2023–2024. 
Branches are colored according 
to location. The opacity of 
the branches is equal to the 
uncertainty of the placement 
of each branch. Phylodynamic 
methods are incorporated into 
phylogenetic trees with time  
and location.
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ascertainment of transmission, and the inability to 
gather complete data on risk factors to link specific 
case manifestations, symptoms, or other factors  
associated with shigellemia or its mode of transmis-
sion is a limitation of our study. Ideally, genomic 
sequencing paired with epidemiologic information 
gathered, such as case manifestation, risk factors 
identified, and symptoms, can provide improved 
insights into the drivers of transmission. This in-
formation can be particularly helpful when inves-
tigating outbreaks in communities such as persons 
experiencing homelessness, when epidemiologic 
information may be limited. We recommend pub-
lic health prevention measures focus on the proper 
maintenance, routine disinfection, and cleaning of 
public restroom facilities and handwashing sta-
tions, particularly in places that are frequented by 
persons experiencing homelessness.
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The Arctic Investigations Program (AIP), the Cen-
ters for Disease Control and Prevention (CDC) 

infectious disease field station in Alaska, USA, began 
surveillance of invasive pneumococcal disease (IPD) 
in 1986 (1) and added invasive cases of Streptococcus 
agalactiae (group B Streptococcus; GBS) and S. pyogenes 
(group A Streptococcus; GAS) in 2000 (2,3). Clinical 
laboratories across Alaska send case isolates to AIP 
for species confirmation and strain characterization. 
Data from AIP’s Invasive Bacterial Disease Surveil-
lance (IBDS) are critical for understanding disease 
patterns. Alaska Native persons have higher rates of 
Streptococcus spp. infections than non–Alaska Native 
persons (3,4). In 2015, CDC’s Office of Advanced Mo-
lecular Detection, National Center for Emerging and 
Zoonotic Infectious Diseases, granted AIP funds to 
develop a technical and bioinformatics infrastructure 
and workforce to operationalize microbial genomics 

and enhance AIP’s ability to detect outbreaks, pro-
vide information about genetic lineage, and identify 
genetic determinants associated with antimicrobial 
drug resistance and virulence.

CDC’s Streptococcus Laboratory, Division of Bac-
terial Diseases, National Center for Immunization 
and Respiratory Diseases, transitioned its Active 
Bacterial Core Surveillance workflows to whole-
genome sequencing (WGS) in 2015 (5–7). WGS 
analyses enable antimicrobial drug susceptibility 
predictions and strain typing, establish mechanisms 
of resistance, identify genotypes, and characterize 
surface protein antigens without requiring the la-
bor and specialized skills needed for conventional 
phenotypic characterization. WGS also contributes 
to outbreak and disease transmission investigations 
(8–10). After a 2016–2017 GAS emm type 26.3 out-
break investigation (8), AIP began discussing WGS 
technology transfer with the Streptococcus Labora-
tory. We describe WGS validation, antimicrobial 
susceptibility mechanisms, and next steps for Strep-
tococcus spp. WGS at AIP. This work was reviewed 
by a CDC research review board, which deemed it 
not research.

Successful Transition to  
Whole-Genome Sequencing and 
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The Centers for Disease Control and Prevention’s Arc-
tic Investigations Program evaluated whole-genome se-
quencing (WGS) workflows and bioinformatics pipelines 
developed by the Centers’ Streptococcus Laboratory. 
We compared WGS-based antimicrobial drug resistance 
predictions with phenotypic testing for group B (n = 130) 
and group A (n = 217) Streptococcus and Streptococcus 
pneumoniae (n = 293). Isolates were collected in Alaska 
during January 2019–February 2021. We also included a 
historical phenotypically nonsusceptible subset. Concor-
dances between phenotypic testing and WGS predictions 

were 99.9% (895/896) for group B Streptococcus, 100% 
(1,298/1,298) for group A Streptococcus, and 99.98% 
(3,516/3,517) for S. pneumoniae. Common resistance 
determinants were ermTR, ermB, and mef for macro-
lides, tetM for tetracyclines, and gyrA and parC for levo-
floxacin. S. pneumoniae trimethoprim/sulfamethoxazole 
nonsusceptibility was associated with folP gene inser-
tions and folA mutations. In 2022, the Arctic Investiga-
tions Program transitioned Streptococcus spp. workflows 
to WGS, enabling more rapid monitoring and prevention 
of invasive disease.
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Materials and Methods
We validated isolates collected during 2019 and dur-
ing January–February 2021. We also included a sub-
set of isolates from 1986–2018 (S. pneumoniae) and 
2000–2018 (GAS and GBS) because phenotypic test-
ing showed those isolates were nonsusceptible to >1 
antimicrobial drug. AIP had determined antimicro-
bial drug MICs, S. pneumoniae serotypes, and GAS 
emm types previously by using phenotypic microbi-
ologic methods. We cultured isolates according to a 
previously established protocol (Appendix, https://
wwwnc.cdc.gov/EID/article/31/13/24-1828-App1.
pdf). We extracted genomic DNA and prepared 
DNA libraries by using Nextera DNA Flex with 96 
dual indices (Illumina, https://www.illumina.com). 
We pooled libraries and performed WGS by using 
a MiSeq instrument and MiSeq v2 500 cycle reagent 
kit (Illumina). We used bioinformatic pipelines de-
veloped and validated by the CDC Streptococcus 
Laboratory (https://github.com/BenJamesMetcalf)  
(Appendix) (5–7).

We compared MICs from phenotypic testing with 
MICs predicted by WGS. We considered results to be 
preliminarily discordant when MICs between phe-
notypic and WGS methods differed by >2 dilutions. 
We retested isolates with discordant results by using 
Etest (bioMérieux, https://www.biomerieux.com), 
BD BBL Sensi-Disc for the D-Zone (BD, https://
www.bd.com), or other disk diffusion methods (BD). 
We confirmed results were discordant when the orig-
inal phenotypic result agreed with follow-up testing 
but continued to differ from the WGS prediction by 
>2 dilutions.

For GAS isolates, we compared emm type results 
from Sanger sequencing with WGS assignments. 
We extracted DNA again from isolates that had pre-
liminary discordant results and tested all 3 extracts 
(original extract, extract for WGS, and reextraction) 
by using Sanger sequencing. We confirmed those re-
sults were discordant if the Sanger sequencing results 
continued to differ from the WGS assignment.

For S. pneumoniae isolates, we compared pheno-
typic serotype results with WGS assignments. We 
tested those isolates with preliminary discordant re-
sults by using the Immulex Pneumotest (SSI Diagnos-
tica A/S, https://ssidiagnostica.com) with Quellung 
reaction confirmation. We confirmed results were 
discordant when the follow-up testing agreed with 
the original serotype result and continued to differ 
from the WGS assignment.

Results
We tested 130 GBS (82 from 2019/2021, 48 histori-
cal), 217 GAS (169 from 2019/2021, 48 historical), and 
293 S. pneumoniae (203 from 2019/2021, 90 histori-
cal) isolates. Initial comparisons showed a prelimi-
nary concordance of 99.4% (891/896) for GBS, 99.2% 
(1,288/1,298) for GAS, and 98.7% (3,470/3,517) for S. 
pneumoniae. Follow-up testing confirmed the WGS 
prediction for 4/5 (80%) GBS isolates, 10/10 (100%) 
GAS isolates, and 46/47 (97.9%) S. pneumoniae iso-
lates. Final concordance was 99.9% (895/896) for GBS, 
100% (1,298/1,298) for GAS, and 99.98% (3,516/3,517) 
for S. pneumoniae.

Initial phenotypic analysis showed 192 nonsus-
ceptible results for GBS isolates (Table 1). Two GBS 
isolates exhibiting high (MIC ≥8 µg/mL) levofloxacin 
resistance contained amino acid substitutions in the 
GyrA subunit of DNA gyrase (S81L) and the ParC 
subunit of topoisomerase IV, of which 1 had S79F and 
1 had S79Y. Tetracycline nonsusceptibility was most 
often caused by the tetM determinant (n = 37); the tetO 
determinant accounted for the other 7 instances. The 5 
preliminary discordant results for GBS occurred with 
erythromycin (n = 2) and clindamycin (n = 3) (Table 
2); follow-up testing confirmed the WGS prediction 
for 4/5 (80%) isolates. Most combined erythromycin 
and clindamycin nonsusceptibility was associated 
with the presence of the 23S rRNA methylase genes, 
ermTR (n = 42) or ermB (n = 19). All ermB-positive 
isolates were constitutively clindamycin resistant, 
whereas 12/42 (28.6%) ermTR-positive isolates were 
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Table 1. Initial phenotypic testing results for isolates included in whole-genome sequencing workflow validation to identify invasive 
Streptococcus spp. drug resistance in Alaska, USA, during 2000–2021* 

Antimicrobial drug 
Streptococcus agalactiae isolates 

 
S. pyogenes isolates 

Total no. No. susceptible No. nonsusceptible Total no. No. susceptible No. nonsusceptible 
Ampicillin 112 112 0  165 165 0 
Cefotaxime 45 45 0  34 34 0 
Clindamycin 118 51 67  180 108 72 
Erythromycin 119 40 79  180 99 81 
Levofloxacin 118 116 2  181 177 4 
Linezolid 103 103 0  176 176 0 
Penicillin 115 115 0  166 166 0 
Tetracycline 47 3 44  35 2 33 
Vancomycin 119 119 0  181 181 0 
*130 S. agalactiae and 217 S. pyogenes isolates were analyzed. 
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inducibly clindamycin resistant. Erythromycin resis-
tance and clindamycin susceptibility (M phenotype) 
were detected in 13 isolates with the mef-positive gen-
otype. Two isolates contained the lsaC gene, which 
confers resistance to clindamycin. One GBS isolate 
with a discordant result contained the lsaC gene but 
was phenotypically sensitive to clindamycin. Three 
isolates constitutively resistant to erythromycin and 
clindamycin contained multiple resistance mecha-
nisms, 1 each of ermB plus lsaC, ermB plus mef, and 
lsaC plus mef.

Initial phenotypic analysis showed 190 non-
susceptible results for GAS isolates (Table 1). Three 
isolates with the S81F substitution in ParC had inter-
mediate levofloxacin resistance; 1 isolate with high 
(MIC ≥8 µg/mL) levofloxacin resistance contained 
amino acid substitutions in both GyrA (S81Y) and 
ParC (D85N) protein subunits. We identified pre-
liminary discordant GAS results when comparing 
tetracycline (n = 1), clindamycin (n = 8), and erythro-
mycin (n = 1) (Table 2); follow-up testing confirmed 
the WGS predictions for all 10 of those isolates. All 
32 isolates nonsusceptible to tetracycline contained 
the tetM determinant. Most combined erythromycin 
and clindamycin nonsusceptibility was associated 
with the presence of ermTR (n = 71), ermB (n = 5), or 
ermT (n = 1) gene determinants. All ermB-positive and 
ermT-positive isolates were constitutively clindamy-
cin resistant, whereas 29/71 (40.8%) ermTR-positive 
isolates were inducibly clindamycin resistant. Three 

isolates constitutively resistant to erythromycin and 
clindamycin contained >1 resistance mechanism, 
ermT plus ermTR (n = 2) and ermTR plus lsaC (n = 1).

We completed emm typing by Sanger sequencing 
for 201 GAS isolates, identifying 37 emm types. The 
initial comparison between Sanger sequencing and 
WGS showed 199/201 (99.0%) emm type concordance. 
Sanger sequencing of a third DNA extraction from 
both isolates confirmed 100% WGS concordance.

Initial phenotypic analysis showed 467 nonsus-
ceptible results for S. pneumoniae (Table 3). At initial 
comparison, 13 isolates were nonsusceptible to qui-
nupristin/dalfopristin and 24 isolates were nonsus-
ceptible to rifampin; follow-up testing confirmed 
the WGS prediction for all 37 isolates (Table 2). One 
isolate exhibited high (MIC ≥8 µg/mL) fluoroquino-
lone resistance and had amino acid substitutions in 
both GyrA (S81F) and ParC (S79F) subunits. All 15 
isolates containing the chloramphenicol acetyl trans-
ferase (cat) gene were resistant to chloramphenicol, 
and all 35 isolates nonsusceptible to tetracycline con-
tained the tetM determinant. Three isolates without 
a WGS-identified tetracycline resistance mechanism 
were phenotypically nonsusceptible to tetracycline at 
initial testing; follow-up testing confirmed the WGS 
prediction for all 3 isolates.

We detected nonsusceptibility to trimethoprim/
sulfamethoxazole in 111 S. pneumoniae isolates; 62 of 
those had an insertion of 1 or 2 codons within the folP 
gene, conferring intermediate drug resistance. The 
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Table 2. Discordance between phenotypic testing and whole-genome sequence predictions along with resistance determinants for 
Streptococcus spp. in study to identify invasive Streptococcus spp. drug resistance, Alaska, USA, 1986–2021* 

Organism resistance 
mechanism Antimicrobial drug 

WGS predicted 
MIC, g/mL 

Initial phenotypic 
MIC, g/mL 

Follow-up testing for >2 dilution discrepancy 

MIC, g/mL 
Agrees with 
WGS, no. 

True 
discrepancy, no. 

Streptococcus agalactiae      
 lsaC gene Clindamycin >1, R 0.25, S 0.25, S 0 1 
 negative Clindamycin <0.25, S 2, R 0.064, S 1 0 

Clindamycin <0.25, S 2, R 0.047, S 1 0 
Erythromycin <0.25, S 0.5, I 0.047, S 1 0 
Erythromycin <0.25, S 8, R 0.064, S 1 0 

S. pyogenes 
 ermTR gene Clindamycin† >1, R <0.12, S All D-Zone + 8 0 
 Negative Tetracycline <2, S 4, I 0.125, S 1 0 

Erythromycin <0.25, S 2, R 0.064, S 1 0 
S. pneumoniae 
 mef gene Erythromycin 8, R 0.12, S 4, R 1 0 
 negative Chloramphenicol <2, S 8, R 2, S 1 0 

Levofloxacin <2, S 4, I 0.5, S 1 0 
Erythromycin 0.06, S 1, R 0.06, S 1 0 
Tetracycline <0.25, S 4, I 0.125, S 1 0 
Tetracycline <0.25, S >16, R 0.25, S 1 0 
Tetracycline <0.25, S >16, R 0.125, S 1 0 
Quinupristin, 
dalfopristin 

<1, S >4, R Sensitive‡ 13 0 

Rifampin <1, S >4, R <0.064, S  24 0 
*I, intermediate resistance; R, resistant; S, susceptible; WGS, whole-genome sequencing; +, positive. 
†Follow-up testing for clindamycin used BD BBL Sensi-Disc for the D-Zone test (BD, https://www.bd.com). 
‡Determined by disk diffusion. 
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remaining 49 isolates were double mutants, leading 
to full resistance consisting of a folA gene mutation 
(I100L amino acid substitution) and insertion of 1 or 
2 codons within folP. Most combined erythromycin 
and clindamycin nonsusceptibility was associated 
with the presence of ermB (n = 16); all of those were 
constitutively clindamycin resistant. An additional 
3 isolates were ermB positive, phenotypically eryth-
romycin nonsusceptible, but were not tested phe-
notypically for clindamycin nonsusceptibility. Ten 
isolates constitutively resistant to erythromycin and 
clindamycin were ermB and mef positive; 41 isolates 
with the M phenotype were mef positive. Two isolates 
were initially discordant for erythromycin sensitivity; 
1 was mef positive but phenotypically sensitive, and 1 
did not contain a resistance mechanism but was phe-
notypically nonsusceptible. Follow-up testing con-
firmed the WGS predication for both isolates.

Most S. pneumoniae isolates had MIC predictions 
related to penicillin-binding protein (PBP) gene types 
that indicated sensitivity to ceftriaxone (n = 271), me-
ropenem (n = 247), penicillin (n = 218), and cefotaxi-
me (n = 38) (Table 3). Penicillin and cefotaxime MIC 
predictions were concordant with phenotypic testing 
for all S. pneumoniae isolates. One initial discordant 
result for meropenem and 3 initial discordant results 
for ceftriaxone were observed; all 4 isolates were 
phenotypically sensitive, but WGS predicted nonsus-
ceptibility (Table 4). Follow-up testing confirmed the 
WGS prediction for 3/4 (75%) isolates; 1 isolate was 

predicted to be nonsusceptible to ceftriaxone but was 
sensitive according to both the initial and additional 
phenotypic testing.

Quellung serotyping was completed for 258 S. 
pneumoniae isolates, which comprised 30 serotypes. 
During the initial comparison, 2 discordant results 
were observed, likely related to an isolate mixup dur-
ing phenotypic testing; additional testing confirmed 
the WGS-assigned result for both, indicating 100% 
concordance.

Discussion
Despite data published by the CDC’s Streptococcus 
Laboratory supporting the accuracy of WGS-based 
antimicrobial drug susceptibility predictions (5–7), 
some collaborators have not pursued WGS work-
flows because they are uncertain those predictions 
are accurate (K.M. Miernyk, unpub. data). The an-
timicrobial susceptibility data shown here provide 
further evidence to address those concerns. For the 
3 Streptococcus spp., we found 99.96% (5,709/5,711) 
concordance between phenotypic testing and genom-
ic predictions. In addition, the WGS predictions were 
more accurate than phenotypic testing. Of 62 initial 
discordant results, WGS was confirmed to be correct 
for 60 (97%) of those.

Antimicrobial drug susceptibility data are needed 
to inform patient treatment and develop population 
treatment guidelines. IPD disproportionately impacts 
Alaska Native persons. AIP’s IBDS indicated the IPD 
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Table 3. Initial phenotypic testing results for 293 Streptococcus pneumoniae isolates used for whole-genome sequencing workflow 
validation in Alaska in study to identify invasive Streptococcus spp. drug resistance, 1986–2021 
Antimicrobial drugs Total no. isolates No. susceptible isolates No. nonsusceptible isolates 
Cefotaxime 75 38* 37* 
Ceftriaxone 278 271* 26* 
Chloramphenicol 293 278 15 
Clindamycin 274 248 26 
Erythromycin 291 221 70 
Levofloxacin 277 276 1 
Linezolid 271 271 0 
Meropenem 278 247 31 
Penicillin 293 218* 75* 
Rifampin 246 222 24 
Quinupristin/dalfopristin 275 262 13 
Tetracycline 87 49 38 
Trimethoprim/sulfamethoxazole 286 175 111 
Vancomycin 293 293 0 
*Determined by using the Clinical and Laboratory Standards Institute (https://www.clsi.org) breakpoint for meningitis cases. 

 

 
Table 4. Discordant Streptococcus pneumoniae β-lactam resistance predicted by penicillin-binding protein sequences compared with 
phenotypic testing results, Alaska, 1986–2021* 

Antimicrobial drug 
WGS predicted 

MIC, g/mL 
Initial phenotypic 

MIC, g/mL 
Follow-up testing for ≥2 dilution discrepancy 

MIC, g/mL Agrees with WGS, no. True discrepancy, no. 
Meropenem 1, R 0.25, S 1, R 1 0 
Ceftriaxone† 1, I/S <0.5, S/S 1, I/S 2 0 

1, I/S <0.5, S/S 0.019, S/S 0 1 
*I, intermediate resistance; R, resistant; S, susceptible; WGS, whole-genome sequencing. 
†Determined by using the Clinical and Laboratory Standards Institute (https://www.clsi.org) breakpoints for meningitis/nonmeningitis cases. 
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rates associated with serotypes not targeted by the 
licensed 13-valent pneumococcal conjugate vaccine 
(PCV13) were 27.2/100,000 Alaska Native persons and 
6.7/100,000 non–Alaska Native persons during April 
2010–December 2013 (4). Similarly, the percentage of 
persons carrying non-PCV13 serotype S. pneumoniae in 
their nasopharynx that was nonsusceptible to erythro-
mycin or penicillin increased significantly from 16.8% 
(n = 709) during 2008–2011 to 26.5% (n = 1,466) during 
2012–2015 (11). This finding suggests Alaska Native 
persons might be at increased risk for IPD caused by S. 
pneumoniae that are resistant to commonly used antimi-
crobial drugs. Capsular S. pneumoniae serotyping data 
are necessary to evaluate vaccines for IPD prevention. 
Finally, GAS emm typing data predict the M protein 
serotype (12), a potential target for vaccines to prevent 
invasive GAS infections. Traditional phenotypic meth-
ods are time consuming and require many different 
specialized technical skills, reagents, and consumables. 
The WGS workflow described here provides those 
data for 48 samples simultaneously by using 1 method. 
In addition, as the COVID-19 pandemic revealed, sup-
ply chains can be unreliable. WGS provides data in a 
single workflow, enabling a more streamlined process 
with fewer consumables and reagents.

AIP has not previously had the capacity to con-
sistently characterize resistance mechanisms in 
any Streptococcus spp. bacteria. To better elucidate 
changes in macrolide resistance after PCV13 intro-
duction, we briefly used PCR to characterize ermB 
and mef macrolide resistance mechanisms in S. pneu-
moniae (13). However, we have not investigated those 
mechanisms in GAS or GBS collected from persons in 
Alaska, which could be of particular importance for 
GAS. Candidate GAS vaccines target the M protein 
(14), and >275 known M types exist. Therefore, vac-
cine pressure on targeted M types could affect circu-
lating strains of GAS, which has been observed for S. 
pneumoniae after PCV13 introduction (15). Macrolide 
nonsusceptibility is not uncommon for GAS, and it 
will be critical to understand whether changes in non-
susceptibility after vaccine introduction are caused 
by expansion of existing strains, by introduction of 
new strains, or by some other mechanism.

In conclusion, our antimicrobial susceptibility, 
serotype, and emm type validation data confirm the 
accuracy of WGS-based predictions for GAS, GBS, 
and S. pneumoniae when performed at AIP. The single 
WGS workflow is more efficient than multiple work-
flows needed for phenotypic testing. WGS pipelines 
identify previously unknown genotypic mechanisms 
for nonsusceptibility of Streptococcus spp. isolates  
collected in Alaska and provide additional data, such 

as GBS serotypes and multilocus sequence types. 
WGS also provides a genetic sequence for every iso-
late, which is available for future investigations. In 
2022, AIP transitioned all IBDS workflows for Strep-
tococcus spp. to WGS, and we continue to improve 
those processes. We have decreased cost by sequenc-
ing more extracts on a flow cell and have been in-
creasing local analysis capabilities and data storage 
for more rapid and local pathogen detection. We also 
perform biannual phenotypic testing on a subset of 
isolates to monitor for new resistance genes. Future 
work includes validating a WGS workflow for GAS 
that can be used in remote field settings, enabling AIP 
to provide more rapid outbreak response.
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Shiga toxin–producing Escherichia coli (STEC) out-
breaks associated with produce were first iden-

tified in 1991, and the trend of produce-associated 
STEC outbreaks remains prevalent, among which 
romaine lettuce is the most common leafy green out-
break vehicle (1–4). Each year in the United States, 
>265,000 STEC infections occur, costing $280 mil-
lion and resulting in ≈3,600 hospitalizations and ≈30 
deaths (4,5). E. coli O157:H7, a specific serotype of 
STEC, causes ≈25% of those infections and ≈67% of 
all STEC deaths (5). STEC O157:H7 infections often 
induce abdominal cramps, vomiting, and bloody di-
arrhea. In particularly severe cases, a rare condition 
known as hemolytic uremic syndrome (HUS) devel-
ops, which can cause anemia, acute renal failure, and 
death (6). STEC O157:H7 outbreaks are commonly 
linked to consumption of leafy greens or beef. Al-
though nearly 60% of STEC O157:H7 infections have 

been attributed to vegetable row crops, a category 
that includes leafy greens, ruminants, especially cat-
tle, are the suspected primary STEC O157:H7 reser-
voir (7–9). During 2009–2018, 32 STEC O157:H7 out-
breaks in the United States and Canada were linked 
to contaminated leafy greens (4).

Since April 2017, nine separate outbreaks of the 
same strain of STEC O157:H7, hereafter referred 
to as REPEXH01, have occurred (Table 1). A large 
REPEXH01 outbreak affecting 37 states occurred 
in 2018, from which 238 STEC O157:H7 infections, 
104 hospitalizations, 28 cases of HUS, and 5 deaths 
were reported (3). Most (85%) interviewed patients 
reported consuming romaine lettuce, and a subse-
quent investigation linked those infections to ro-
maine lettuce grown in the Yuma, Arizona, region of 
the United States (3). By March 29, 2024, the United 
States reported 762 persons in 46 states infected with 
the REPEXH01 strain, and new infections continue 
to be identified. In this study, we compared whole-
genome sequences of 729 REPEXH01 isolates with 
2,027 other STEC O157:H7 isolates to examine ge-
nomic factors in REPEXH01 that might have contrib-
uted to the emergence and public health impacts of 
that strain.
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In the United States, Shiga toxin–producing Escherichia 
coli (STEC) outbreaks cause >265,000 infections and 
cost $280 million annually. We investigated REPEXH01, 
a persistent strain of STEC O157:H7 associated with 
multiple sources, including romaine lettuce and recre-
ational water, that has caused multiple outbreaks since 
emerging in late 2015. By comparing the genomes of 
729 REPEXH01 isolates with those of 2,027 other STEC 
O157:H7 isolates, we identified a highly conserved, sin-
gle base pair deletion in espW that was strongly linked to 

REPEXH01 membership. The biological consequence of 
that deletion remains unclear; further studies are needed 
to elucidate its role in REPEXH01. Additional analyses 
revealed that REPEXH01 isolates belonged to Manning 
clade 8; possessed the toxins stx2a, stx2c, or both; were 
predicted to be resistant to several antimicrobial com-
pounds; and possessed a diverse set of plasmids. Those 
factors underscore the need to continue monitoring RE-
PEXH01 and clarify aspects contributing to its emer-
gence and persistence.
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Methods

Sequence Selection and Retrieval
We used sequences from 729 REPEXH01 isolates 
and 598 closely related isolates previously classi-
fied as REPEXH01 for this study. All isolates were in 
PulseNet (https://www.cdc.gov/pulsenet/index.
html) and had whole-genome sequences available in 
the National Center for Biotechnology Information 
(NCBI; https://www.ncbi.nlm.nih.gov) (Appendix 
1, https://wwwnc.cdc.gov/EID/article/31/13/24-
0686-App1.pdf). To compare a diverse collection of 
STEC O157:H7, we randomly selected 1,429 non-RE-
PEXH01 STEC O157:H7 isolates, for a total of 2,756 
genomes analyzed. That total accounts for roughly 
20% of all 13,778 STEC O157:H7 isolates within 
PulseNet that had whole-genome sequences avail-
able in NCBI as of September 5, 2023. We down-
loaded whole-genome sequences from GenBank 
and assemblies and raw reads from the NCBI Se-
quence Read Archive (SRA; https://www.ncbi.nlm.
nih.gov/sra) during May 23–August 1, 2023 (Ap-
pendix 2 Table 1, https://wwwnc.cdc.gov/EID/
article/31/13/24-0686-App1.xlxs). We used Gen-
bank annotated genomes when available and used 
Prokka version 1.14.5 (10) to annotate SRA genomes 
that did not have annotations.

Identification of Genomic Features
We used Roary version 3.11.2 (11) to perform 
pangenome analysis on Prokka-annotated ge-
nomes, then screened pangenomes for linkage to 
REPEXH01 isolates by using Scoary version 1.6.16 

(12). Because those steps are computationally inten-
sive, we used a subset of genomes comprising 181 
current and 103 former REPEXH01 isolates and 2 
closely related non-REPEXH01 isolates. We iden-
tified multiple alleles of espW, a known virulence 
gene, in that initial dataset and subsequently pro-
filed the expanded dataset (n = 2,756) for those al-
leles and their association with REPEHX01 (13,14) 
(Appendix 2). We screened assemblies for antimi-
crobial resistance determinants, plasmid determi-
nants, antimicrobial resistance determinant–associ-
ated point mutations, membership in O157 clades 
(hereafter referred to as Manning clades), and stx 
subtypes (Appendix 1).

Phylogenetic Reconstruction
From the subset of genomes profiled for pangenome 
analysis, we constructed a single-nucleotide poly-
morphism (SNP) analysis by using Lyve-SET version 
1.1.4f (https://github.com/lskatz/lyve-SET) (15) and  
presets for Escherichia using the single chromosom-
al contig of 2018C-3602 (BioSample accession no. 
SAMN08964444) as the reference. We used Gubbins 
version 3.0.0 (Sanger, https://sanger-pathogens.
github.io/gubbins) to generate a recombination-free 
SNP alignment from the Lyve-SET core alignment 
(15,16). We then generated a time-scaled phyloge-
netic tree from the SNP alignment for a subset of 286 
isolates in BEAST2 version 2.6.3 (17), accounting for 
constant sites and using bModelTest version 1.2.1 (18) 
to average across appropriate substitution models. 
We used BioNumerics version 7.6.3 (Applied Maths, 
http://www.applied-maths.com) to construct an 
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Table 1. Outbreaks caused by reoccurring STEC O157:H7 strain REPEXH01 in a genomic characterization of Escherichia coli 
O157:H7 associated with multiple sources, United States* 

Outbreak Timeframe Source† Origin‡ 

No. 
reported 
illnesses 

No.  
states 

No. HUS 
cases 

No. 
deaths 

No. 
sequences 

Allele 
differences
(range)§ 

A Apr–May 2017 Unknown Unknown 9 5 0 0 7 3 (0–8) 
B Jul–Sep 2017 Recreational 

water¶ 
California 10 1 4 0 13 0 (0) 

C Mar–Jun 2018 Romaine lettuce¶ Arizona 238 37 28 5 238 4 (0–12) 
D Aug–Oct 2018 Ground beef# Unknown 12 4 1 0 4 7 (4–10) 
E Oct–Dec 2018 Leafy greens# Unknown 25 10 4 0 8 7 (1–11) 
F May–Oct 2019 Ground beef# Unknown 44 12 4 0 44 0 (0–5) 
G Nov 2019 Unknown Unknown 8 1 0 0 8 0 (0–1) 
H Dec 2020–Mar 2021 Unknown Unknown 22 7 3 1 22 0 (0–0) 
I Apr–May 2021 Unknown Unknown 5 3 0 0 5 0 (0–1) 
*Outbreak dates are based on reported or estimated illness onset dates. HUS, hemolytic uremic syndrome; REPHEXHO1, recurring strain of STEC 
O157:H7; STEC, Shiga toxin–producing Escherichia coli. 
†Confirmed sources were implicated by epidemiologic plus traceback or laboratory data. Suspected sources were implicated by epidemiologic data only 
(https://www.cdc.gov/foodsafety/outbreaks/multistate-outbreaks/annual-summaries.html). 
‡Geographic origin of a confirmed outbreak source might not always be known, which can happen when a food containing multiple ingredients (e.g., 
bagged salad blend) is confirmed as the source, but the evidence cannot implicate a specific ingredient, or when evidence confirms an outbreak source 
but traceback cannot pinpoint the exact geographic origin of the source. 
§ Values indicate the median allele differences between the isolates of each respective outbreak. Values in parentheses indicate the range of minimum 
and maximum allele differences between the isolates of each respective outbreak. 
¶Confirmed source. 
#Suspected source. 
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allele-based dendrogram for 2,754 isolates by using 
UPGMA as the clustering technique. We excluded 2 
isolates from the dendrogram because the submit-
ting state agencies had requested those isolates be re-
moved from PulseNet.

Prophage Detection
We detected prophage sequences in the reference 
genome and categorized their genes by using the 
PHASTER online phage search tool (19,20). We used 
BLASTn version 2.14.0 (https://blast.ncbi.nlm.nih.
gov) to search all espW-containing contigs for pro-
phages (Appendix 1).

Obtaining and Visualizing Isolate Metadata
Unless otherwise specified, we obtained all metadata 
associated with isolates in this study from the System 
for Enteric Disease Response, Investigation, and Co-
ordination (SEDRIC) (https://www.cdc.gov/food-
safety/outbreaks/tools/sedric.html) or the PulseNet 
national database (21). We visualized data alongside 
phylogenies by using the Interactive Tree of Life ver-
sion 5 webtool (https://itol.embl.de) (22).

Results

Epidemiology of REPEXH01
All REPEXH01 isolates belonged to Manning clade 8, 
the clade most strongly correlated with patients de-
veloping HUS (23,24). In fact, nearly every outbreak 
associated with the REPEXH01 strain included cases 
of HUS, and an average of 11% (median 9%) of re-
ported illnesses displayed HUS (Table 1). Of the 729 
REPEXH01 isolates, all possessed stx2a, stx2c, or both: 
699 (96%) isolates possessed stx2a, 574 (79%) pos-
sessed stx2c, and 544 (75%) possessed both stx2a and 
stx2c (Appendix 2 Table 3). Because all REPEXH01 
isolates belonged to Manning clade 8, those isolates 
likely all possessed stx2a, and the absence of stx2a in 
4% of isolates was likely an artifact of the genome as-
semblies (23,24).

Relationship between espW and REPEXH01
We performed a preliminary Roary/Scoary pange-
nome analysis on a subset of 264 isolates, which indi-
cated that the presence of espW was linked to member-
ship in REPEXH01, but that same linkage was absent 
when analyzing the 286 isolates in the time-scaled tree 
(Figure 1). Closer inspection revealed that espW was 
in all isolates but often possessed a conserved single 
base pair deletion, and that deletion appeared to be 
linked to REPEXH01. We confirmed that hypothesis 
by analyzing the espW alleles in 2,756 isolates, 729 of 

which were REPEXH01, 598 were former REPEXH01 
isolates, and the other 1,429 were a random sampling 
of all other STEC O157:H7 isolates in the PulseNet da-
tabase that had publicly available genomes in NCBI 
(Table 2, Figure 2; Appendix 2 Table 2). We used a χ2 
statistical test, ignoring ambiguous data, to examine 
the relationship between espW alleles and REPEXH01 
membership and found the association between those 
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Figure 1. Time-calibrated tree for 286 former and current REPEXH01 
isolates with associated metadata used for genomic characterization 
of Escherichia coli O157:H7 associated with multiple sources, 
United States. The tree was constructed using BEAST2 (https://
beast.community) on an alignment of high-quality single-nucleotide 
polymorphisms. The red circle indicates the most common recent 
ancestor of the REPEXH01 isolates and corresponds to December 
2015. On the right side, the first column indicates the current 
REPEXH01 isolates (purple), former REPEXH01 isolates (gray), or 
isolates that were never part of the REPEXH01 definition (white). 
The second column indicates the espW allele: teal indicates the 
full-length allele, orange indicates the presence of a single base 
pair deletion; and pink indicates that espW is present but the allele 
could not be determined due to inadequate sequencing data. Circles 
on the branches indicate the posterior probability. REP, reocurring, 
emerging, and persistent; REPHEXH01, recurring strain of Shiga 
toxin–producing E. coli O157:H7.

https://blast.ncbi.nlm.nih.gov
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variables was significant (p<0.0001). REPEXH01 iso-
lates were more likely to have the deletion than other 
STEC O157:H7 isolates.

The deletion in espW consisted of the loss of a 
single adenine residue, converting a homopolymer 
within codons 174–176 from 8 adenine to 7 adenine 
residues. That deletion introduced a frameshift 
that ultimately resulted in an early termination co-
don. We observed insertion of an adenine residue,  
from 8 to 9 residues, within the same locus in 22 
isolates. That insertion also introduced an early ter-
mination codon.

REPEXH01 Emergence
Analysis of 286 current and former REPEXH01 iso-
lates revealed that the strain emerged around De-
cember 23, 2015 (95% highest posterior density inter-
val March 5, 2015–September 4, 2016), before it was  
detected in clinical cases in April 2017 (Figure 1). 
That phylogeny appeared to suggest that members 
of REPEXH01 shared a common ancestor and the 
single base pair deletion in espW associated with RE-
PEXH01 appeared to coincide with the emergence of 
the REPEXH01 strain in late 2015 (Figure 1).

espW Association with STEC O157:H7 Prophages
Examining the gene synteny surrounding espW in the 
reference sequence for REPEXH01 (BioSample acces-
sion no. SAMN0896444) showed that many neighbor-
ing genes appeared to be of phage origin. Analyzing 
that genome using PHASTER (20) revealed that espW 
was contained within a putative prophage that was 
most closely related to Escherichia phage 500465-1 
(GenBank accession no. NC_049342.1) (Figure 3). We 
examined the genomic regions containing espW, and 

most isolates possessed espW within the same puta-
tive prophage (Appendix 2 Table 2). Although we 
detected additional loci in ≈43 isolates, most were of 
phage origin. Of the 2,626 isolates with assembled 
contigs that contained espW, 87% (n = 2,292) pos-
sessed espW in or near a putative prophage region 
(Appendix 2 Table 2). One isolate (SRA accession 
no. SRR93211959) possessed espW directly adjacent 
to a prophage in what appeared to be an effector ex-
change locus (13). Another isolate (SRA accession no. 
SRR6870099) contained espW in a nonprophage re-
gion. In the other 332 (13%) isolates, presence of espW 
in a phage-associated region was ambiguous.

Additional REPEXH01 Genomic Features 
We evaluated antimicrobial resistance determi-
nants in REPEXH01 (Table 3; Appendix 2 Table 3). 
REPEXH01 is known to be resistant to several an-
timicrobial drugs and our dataset confirmed that 
resistance (25). Of note, our results predicted that 
>99% of REPEXH01 isolates would be resistant to  
aminoglycosides, folate pathway inhibitors, 
phenicols, quaternary ammonium compounds, sul-
fonamides, and tetracylines. However, data predict 
few isolates would be resistant to cephalosporins 
(<2%), fluoroquinolones (<1%), or penicillins (<1%).

We also investigated REPEXH01 plasmids (Table 
4; Appendix 2 Table 3) and detected >1 plasmid rep-
licons in >95% of isolates. Most isolates possessed the 
IncFIB replicon, IncFIA replicon, or both replicons, 
but other replicons were not as prevalent. Approxi-
mately 9% of isolates contained IncFII replicons, but   
IncI1-Iγ, IncI2, IncB/O/K/Z, Col, IncX4, and pEC4115 
were detected in <5% of isolates.

Discussion
A key finding in this study was identification of a 
SNP mutation in the espW gene that is largely char-
acteristic of the REPEXH01 strain. The EspW protein 
has been shown to be secreted by a type III secretion 
system (T3SS) in E. coli O157:H7 and was previously 
observed within effector exchange locus (13). Once 
secreted into the host intestinal epithelial cell, EspW 
reorganizes host-cell actin in a Rac1-dependent man-
ner to enable extracellular attachment (14). A Pseudo-
monas syringae homolog of that protein, HopW1, has 
been shown to solubilize cytosolic actin when inject-
ed into plant cells by a T3SS, which disrupts normal 
localization of proteins and might interfere with the 
plant immune response (26). The T3SS and secretory 
proteins such as EspA have been shown to play inte-
gral roles in the colonization of the surface of leaves 
and deeper tissues of the phyllosphere in spinach and 
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Table 2. Distribution of espW alleles in the 2,756 STEC O157:H7 
isolates included in a genomic characterization of Escherichia 
coli O157:H7 associated with multiple sources, United States* 
REP code espW allele Count 
REPEXH01 Full length 0 

Deletion 727 
Insertion 0 

Ambiguous 2 
Absent 0 

non-REPEXH01 Full length 1,892 
Deletion 77 
Insertion 22 

Ambiguous 6 
Absent 30 

*Values represent 20% of all STEC O157:H7 isolates in the PulseNet 
(https://www.cdc.gov/pulsenet/index.html) database with whole-genome 
sequences available in the National Center for Biotechnology Information 
Sequence Read Archive (https://www.ncbi.nlm.nih.gov/sra); all 729 
REPEXH01 isolates with whole-genome sequences are included, 
alongside 2,027 non-REPEXH01 STEC O157:H7 isolates. The espW 
allele was statistically associated with REPEXH01 membership. 
REPHEXH01, recurring strain of STEC O157:H7; STEC, Shiga toxin–
producing Escherichia coli.  
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lettuce, where STEC O157:H7 can continue to grow 
under favorable conditions (27,28). 

However, the biological significance of the sin-
gle base pair deletion in espW remains unclear. That 

deletion could be an example of a gene truncation; 
another study observed truncations of espW in oth-
er pathogenic strains of E. coli (14). Alternatively, 
the resulting frame shift might silence expression  
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Figure 2. Allele-based core 
genome multilocus sequence 
typing dendrogram for 2,752 
STEC O157:H7 isolates and 
associated metadata used 
for genomic characterization 
of Escherichia coli O157:H7 
associated with multiple 
sources, United States. The 
dendrogram was constructed 
in BioNumerics version 7.6.3 
(Applied Maths, http://www.
applied-maths.com) by using 
UPGMA as the clustering 
technique. The innermost track 
indicates whether an isolate was 
included in a STEC O157:H7 
REP strain. The second 
innermost track indicates the 
espW allele showing the full-
length allele, single base pair 
deletions or insertion, where 
espW allele could not be 
determined due to inadequate 
sequencing data, and where 
espW was not detected in the 
isolate. The second outermost 
track indicates vehicles that 
have been confirmed via 
epidemiologic investigations of 
coded outbreaks. The outermost 
track indicates whether an 
isolate was included in the 
time-calibrated tree (Figure 1). 
An interactive version of this 
tree is available at https://itol.
embl.de/tree/1581112362321361691692003. The following isolates were omitted from this tree: National Center for Biotechnology 
Information Sequence Read Archive (https://www.ncbi.nlm.nih.gov/sra) accession nos. SRR7094189, SRR8956189, SRR7540755, and 
SRR5588761. The scale bar indicates the number of allele differences between isolates. REP, reocurring, emerging, and persistent; 
REPHEX01, recurring strain of STEC HO1:H7; STEC, Shiga toxin–producing Escherichia coli. 

Figure 3. Prophage architecture for most espW-containing isolates from a genomic characterization of Escherichia coli O157:H7 
associated with multiple sources, United States. This locus was annotated using PROKKA version 1.14.5 (https://github.com/tseemann/
prokka) and represents a 47,078-bp sequence of Shiga toxin–producing E. coli O157:H7 PNUSAE013304 (BioSample accession no. 
SAMN0896444; SRA accession no. SRR7050023) from positions 2577206–2624283. Arrows indicate genes and their direction indicates 
the DNA strand. att sites were annotated by PHASTER (https://phaster.ca) and are shown in yellow. Genes are colored on the basis 
of the category assigned by PHASTER: teal indicates phage tail; orange indicates phage-like proteins; pink indicates transposases, 
integrases, or recombinases; blue indicates phage lysis proteins; gray indicates tRNA; and maroon indicates genes that were not 
categorized by PHASTER. espW is highlighted in green. IS, insertion.
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of espW, or espW might be regulated by a homo-
polymeric tract mechanism where slippage of RNA 
polymerase could produce heterogenous tran-
scripts, some of which could encode the in-frame 
functional gene product (29). In each of those sce-
narios, reduced EspW could promote colonization 
of romaine lettuce through several mechanisms. 
For example, EspW might elicit an immune re-
sponse from an infected plant, causing stomata  
to close, thus restricting access to the interior of 
leaves by colonizing STEC. Alternatively, EspW 
could function like HopW1 and cause a more se-
vere infection in plant tissues, lowering the like-
lihood that the infected leaves are harvested and 
consumed. Further experiments are required to 
elucidate the role of that single base pair deletion 
in REPEXH01 isolates.

In this study, we performed key molecular profil-
ing to provide information on molecular attributes of 
REPEXH01. Certain stx subtypes are associated with 
more severe disease, and the prevalence of stx2a in 
REPEXH01 highlights the need for surveillance of 
this strain (30). All isolates of this strain belonged to 
Manning clade 8, the clade most strongly correlated 
with poor disease outcomes (23,24). Nearly all RE-
PEXH01 isolates possessed antimicrobial resistance 
determinants, but that finding does not have direct 
clinical significance because antimicrobial drugs are 
not indicated for treating STEC infections because 
those drugs can increase toxin concentrations in the 
patient (25). However, the plasmids observed in RE-
PEXH01 isolates have been implicated in horizontal 
gene transfer, and those plasmids were in >95% of 
REPEXH01 isolates (Appendix 2 Table 3) (31). Taken 
together, those findings suggests that although the 
presence of antimicrobial resistance determinants has 
minimal effects on clinical outcomes of STEC infec-
tions, and REPEXH01 isolates could still serve as a 
reservoir of antimicrobial resistance.

Among the limitations of this study, although 
we included all current and former REPEXH01 iso-
lates in this study, we only screened 20% of the total 
STEC O157:H7 isolates to decrease the computational 
demand of the analyses. That subsampling has the 
potential to bias the data, but the random selection 
of non-REPEXH01 STEC O157:H7 genomes might 
alleviate that bias. The genomes used in this study 
were primarily derived from short-read sequencing 
technology, and most were at the draft level, indicat-
ing that the replicons had not been fully assembled. 
Although use of draft genomes could result in espW 
being erroneously called absent, steps such as read 
recruitment using ARIBA (https://github.com/
sanger-pathogens/ariba) helped mitigate those po-
tential errors.

REPEXHO1 is a persistent strain of STEC O157:H7 
that we estimate emerged in late 2015, before the de-
tection of clinical cases beginning in April 2017. We 
detected a single base pair deletion in the espW viru-
lence gene in >99% of REPEXH01 isolates but in only 
a few (<4%) non-REPEXH01 STEC O157:H7 isolates 
(Table 2). That deletion can be useful as a genomic 
signature of this strain for molecular surveillance and 
as a subject of future research to clarify the strain’s 
evolution. Additional research addressing the role of 
the single base pair mutation in this strain’s coloni-
zation and survival on leafy vegetables could yield 
valuable insights. 

In summary, REPEHX01 belongs to E. coli 
O157:H7 Manning Clade 8, and most isolates possess  
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Table 4. Plasmid content in the 729 REPEXH01 isolates from a 
genomic characterization of Escherichia coli O157:H7 associated 
with multiple sources, United States* 
Plasmid replicon % Isolates 
IncFIB 92.7 
IncFIA 92.3 
IncFII† 8.8 
IncI1-I(gamma) 4.9 
IncI2‡ 3.6 
IncB/O/K/Z 1.5 
Col§ 0.8 
IncX4 0.7 
pEC4115 0.7 
IncFIC(FII) 0.3 
*Presence of plasmid replicons was determined by using PlasmidFinder 
(Center for Genomic Epidemiology, https://genomicepidemiology.org). 
REPHEXH01, recurring strain of Shiga toxin–producing Escherichia coli 
O157:H7. 
†IncFII, IncFII(29), IncFII(pCoo), IncFII(pHN7A8), and IncFII(pSE11). 
‡IncI2 and IncI2(delta). 
§ColE1, ColpVC, Col(KPHS6), Col(MG828), and Col(pHAD28). 

 

 
Table 3. Antimicrobial resistance determinants in the 729 
REPEXH01 isolates in a genomic characterization of Escherichia 
coli O157:H7 associated with multiple sources, United States* 
Antimicrobial class % Resistant isolates 
Aminoglycosides† 99.6 
Folate pathway inhibitors‡ 99.6 
Phenicols§ 99.6 
Sulfonamides¶ 99.6 
Quaternary ammonium compounds# 99.6 
Tetracyclines** 99.5 
Cephalosporins†† 1.9 
Fluoroquinolones‡‡ 0.3 
Penicillins§§ 0.3 
*Antimicrobial resistance determinants were determined by using 
ResFinder (https://cge.cbs.dtu.dk/services/ResFinder). Resistance was 
defined by the presence of one or more determinants. REPHEXH01, 
recurring strain of Shiga toxin–producing Escherichia coli O157:H7. 
†aadA1, aph(3”)-Ib, and aph (6)-Id. 
‡dfrA1 and dfrA8. 
§floR. 
¶sul1 and sul2. 
#qacE. 
**tet(A) and tet(B). 
††blaCMY-2 and blaCTX-M-27. 
‡‡qnrB19. 
§§blaTEM-1B. 
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stx2a, both factors that are associated with severe 
clinical outcomes. Those factors, along with its har-
boring of multiple resistance determinants, under-
score the continued need to monitor REPEXH01 and 
understand factors contributing to its emergence  
and persistence.
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etymologia revisited
Scrapie
[skra′pe]

Scrapie is a fatal neurodegenerative disease of sheep and goats that was 
the first of a group of spongiform encephalopathies to be reported 

(1732 in England) and the first whose transmissibility was demonstrated 
by Cuille and Chelle in 1936. The name resulted because most affected 
sheep develop pruritis and compulsively scratch their hides against fixed 
objects. Like other transmissible spongiform encephalopathies, scrapie 
is associated with an alteration in conformation of a normal neural cell 
glycoprotein, the prion protein. The scrapie agent was first described as a 
prion (and the term coined) by Stanley Prusiner in 1982, work for which 
he received the Nobel Prize in 1997.

References: 
  1.	 Brown P, Bradley R. 1755 and all that: a historical primer of transmis-

sible spongiform encephalopathy. BMJ. 1998;317:1688–92. 
  2.	 Cuillé J, Chelle PL. The so-called “trembling” disease of sheep: is it 

inoculable? [in French]. Comptes Rendus de l’Académie Sciences. 
1936;203:1552.

  3.	 Laplanche J-L, HunterN, Shinagawa M, Williams E. Scrapie, chronic 
wasting disease, and transmissible mink encephalopathy. In: Prusiner 
SB, editor. Prion biology and diseases. Cold Spring Harbor (NY): Cold 
Spring Harbor Laboratory Press; 1999. p. 393–429.

  4.	 Prusiner SB. Novel proteinaceous infectious particles cause scrapie. Sci-
ence. 1982;216:136–44.

https://doi.org/10.3201/eid0703.017303
https://doi.org/10.1093/nar/gkab301
https://doi.org/10.1093/nar/gkab301
https://doi.org/10.1073/pnas.0710834105
https://doi.org/10.1093/ofid/ofu061
https://www.cdc.gov/ecoli/php/
https://doi.org/10.1371/journal.ppat.1004232
https://doi.org/10.1371/journal.ppat.1004232
https://doi.org/10.4315/0362-028X-72.7.1531
https://doi.org/10.3389/fmicb.2011.00119
https://doi.org/10.1186/1471-2164-11-102
https://doi.org/10.1186/1471-2164-11-102
https://doi.org/10.3201/eid2610.200319
https://doi.org/10.1038/s41467-020-17278-2
https://doi.org/10.1038/s41467-020-17278-2
mailto:jwirth@cdc.gov
http://www.cdc.gov/eid
http://wwwnc.cdc.gov/eid/article/26/6/et-2606_article


Shiga 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).

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.

Lessons from 5 Years of Routine 
Whole-Genome Sequencing for  

Epidemiologic Surveillance of Shiga 
Toxin–Producing Escherichia coli, 

France, 2018–2022
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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 O26:H11, O157:H7, O80:H2, and 
O103:H2, we determined statistical thresholds for cluster 
determination and compared those with HC5 clusters. 
Thresholds varied by serotype, 5–16 allelic distances and 

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.
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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-App1.pdf).

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), 
O157: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-App1.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 HC5 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 

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 
O157: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 O26:H11, <20 SNP for O157:H7, <17 SNP for 
O80: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:H7, 23 for 
O80: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 O103:H2 and O157:H7. Only O103:H2 
HC5 cluster isolates were under the SNP distance 
threshold (Appendix 1 Figure 2). A greater number of 

O26:H11 and O80:H2 HC5 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,  

S120	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 31, No. 13, Supplement to May 2025 

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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specificity was poor for both AD (34%) and SNP 
(35%) thresholds.

Genomic Distance Distributions within  
HC5 Clusters as a Function of Time
With time represented in classes, we observed a slight 
positive association between AD and HC5 (Appendix 

1 Figure 3). MFP regression integrated time as a con-
tinuous variable and confirmed a linear relationship 
with AD for all serotypes, but with varied strength 
of association (Figure 4, panel A). Of note, we found 
a negative association between AD and time ob-
served for O26:H11 and O157:H7 at the smallest tem-
poral distances (<5 days) and then a positive linear 
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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.
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relationship as temporal distance increased. For 
O103: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).

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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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.
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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% 

(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% CIs of the 
estimated genomic distances for each observed temporal distance in days. SNP, single-nucleotide polymorphism.
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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 

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 
O80: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 O80: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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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* 

Serotype 
Allelic distance  SNP distance 

Threshold, no. alleles Sensitivity, % Specificity, % Threshold, no. SNPs Sensitivity, % Specificity, % 
O26:H11 <8 99.9 73.1  <15 99.6 87.8 
O157:H7 <16 99.7 99.6  <20 99.9 96.7 
O80:H2 <9 99.8 33.6  <17 99.6 35.1 
O103:H2 <5 100 83.3  <15 99.0 100 
*SNP, single-nucleotide polymorphism. 
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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 sufficient isolates are available, 

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 
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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 

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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Gene PCR using 16S ribosomal RNA (rRNA) fol-
lowed by sequencing can identify bacteria in 

normally sterile body tissues and fluids (1,2). This 
method may serve as a diagnostic tool in complex 
bacterial infections, particularly when conventional 
tests fail to identify pathogens (3,4). The clinical use 
of 16S rRNA PCR and sequencing has been shown to 
yield concordant results with bacterial cultures (when 
positive), to enhance detection of fastidious bacteria, 
and to assist in antimicrobial drug stewardship (4–8). 
However, the diagnostic yield of 16S rRNA PCR and 
sequencing from various specimen sources has been 
variable in published studies (4,6,9–11); diagnostic 
yield may vary on the basis of patient and specimen 
characteristics. Data on optimal clinical settings and 
specimen selection for this testing are limited, par-
ticularly in pediatrics (9,12).

Mayo Clinic (Rochester, MN, USA) began offer-
ing 16S rRNA PCR and sequencing clinically in 2017; 
the sequencing initially involving Sanger sequencing 

alone (4). Then, in 2019, to increase positivity rates 
and to decatenate mixed sequences because of 16S 
rRNA gene copy variants or polymicrobial infections, 
next-generation sequencing (NGS) was substituted 
for or added to Sanger sequencing of the PCR-am-
plified 16S rRNA gene when needed (13). This study 
reviews Mayo Clinic’s clinical experience with 16S 
rRNA PCR and sequencing of specimens from chil-
dren to identify clinical syndromes where this testing 
is useful and to optimize specimen choice.

Methods

Study Design
We performed a retrospective study involving speci-
mens collected from Mayo Clinic patients 0–18 years 
of age whose normally sterile tissue or fluid speci-
mens underwent 16S rRNA PCR and sequencing dur-
ing September 2020–December 2023. We identified 
patients and 16S rRNA PCR and sequencing results 
by using the clinical microbiology laboratory data-
base and collected demographic, clinical, and micro-
biologic data from the electronic medical record. If a 
patient had specimens collected from the same source 
during different encounters, we included only speci-
mens from the first encounter. In routine clinical prac-
tice, holding a specimen in the clinical microbiology 
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Gene PCR and sequencing using 16S ribosomal RNA 
(rRNA) can help diagnose challenging bacterial infections. 
Data on the optimal clinical settings for this type of testing 
are limited. We performed a retrospective study at Mayo 
Clinic, Rochester, Minnesota, USA, with typically sterile 
specimens from children that underwent 16S rRNA PCR 
testing during September 2020–December 2023. Of 162 
tests performed on 124 patients, 20% were positive; 58% 
of positive samples were from culture-negative specimens. 

Fluid specimens were >3 times as likely to test positive as 
tissue specimens (odds ratio 3.07 [95% CI 1.32–7.11]; p = 
0.007), and pleural fluid demonstrated the highest positiv-
ity rate (50%). Of 33 positive results, 4 (12%) specimens 
qualified for reporting to the state health department for 
communicable diseases. Those single-laboratory findings 
demonstrate that the highest positivity rate of 16S rRNA 
PCR and sequencing is pleural fluid, although many speci-
men types tested positive.
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laboratory for 14 days for potential 16S rRNA PCR 
and sequencing, if clinically needed, was offered as an 
option. This study was approved by the Mayo Clinic 
Institutional Review Board (protocol no. 20–012373).

Definitions
Immunocompromised hosts included patients with 
malignancies undergoing chemotherapy, those who 
had undergone solid organ or hematopoietic stem 
cell transplantation, and those receiving high-dose 
steroids (pulse dose steroids 20 mg/d for >14 days, or 
dexamethasone for >10 days) or other immunosup-
pressive agents. We defined intensive care unit (ICU) 
admission as receiving medical care in the neonatal, 
pediatric, or cardiovascular ICU at the time of speci-
men collection.

We categorized cerebrospinal fluid, ovarian fluid, 
pericardial fluid, peritoneal fluid, pleural fluid, sub-
dural fluid, synovial fluid, and vitreous fluid as fluid 
specimens and other specimens (e.g., bone) as tissue 
specimens. We collected the results of conventional 
testing, which included Gram stain, bacterial culture, 
BioFire Meningitis and Encephalitis (ME) panel (bio-
Mérieux, https://www.biomerieux.com), and Kin-
gella kingae PCR if clinically performed on specimens 
collected at the same time and from the same site as 
specimens for 16S rRNA PCR and sequencing. We 
calculated the turnaround time as the interval from 
specimen collection to result finalization. We defined 
prior antibacterial therapy as any antimicrobial drugs 
administered within 24 hours before the test order for 
16S rRNA PCR and sequencing.

Specimen Processing
We performed specimen processing and bacterial 
culture in the Clinical Bacteriology Laboratories of 
the Division of Clinical Microbiology at Mayo Clinic. 
We identified isolated bacteria by using conventional 
biochemical methods or matrix-assisted laser desorp-
tion/ionization time-of-flight mass spectrometry. De-
tails of the 16S rRNA PCR and sequencing procedure 
have been described previously (13). In brief, the as-
say involved an up-front real-time PCR assay, report-
ed as negative or submitted to Sanger or NGS on the 
basis of cycle threshold (Ct) value. Specimens with 
Ct values <32 cycles underwent bidirectional Sanger 
sequencing by using an Applied Biosystems 3500xL 
Genetic Analyzer (Thermo Fisher Scientific, https://
www.thermofisher.com). We sent specimens with Ct 
values of 32–34 or <32 with Sanger sequencing that 
yielded an uninterpretable result to NGS by using 
an Illumina MiSeq System (Illumina, https://www. 
illumina.com) with a 500-cycle (2 × 250 paired-end 

read) v2 nano kit. We reported specimens with Ct 
values >34 as negative, except if we observed a well-
defined melting temperature peak (>0.4), in which 
case we sent them to NGS. We used Pathogenomix 
(https://www.pathogenomix.com) for quality con-
trol processes and the Pathogenomix PRIME data-
base for sequence analysis. The Pathogenomix Prime 
database contains 48,139 curated 16S rRNA gene 
sequences. The processor filters low-quality reads 
(Q<30) and clusters sequences on the basis of >210-bp 
length, >100 copies, and 0% variation.

Statistical Analysis
We compared characteristics between positive and 
negative tests by using a 2-sample t-test for continu-
ous variables. For categorical variables with >5 obser-
vations, we calculated odds ratios (ORs) and 95% CIs 
by using unconditional maximum likelihood estima-
tion; we obtained p values by using χ2 tests. For cat-
egorical variables with <5 observations, we calculat-
ed ORs and 95% CIs by using conditional maximum 
likelihood estimation and obtained p values were by 
using Fisher exact tests. We considered a 2-tailed p 
value <0.05 statistically significant.

Results

Patients
A total of 124 pediatric patients with 162 tests from 
typically sterile sources were included (Figure). At 
sampling, 20% (n = 24) of patients were identified as 
immunocompromised hosts, and 37% (n = 46) of pa-
tients were in ICUs (Table 1). The most common sus-
pected clinical manifestations were meningoencepha-
litis, musculoskeletal infection, and pleural effusion.

16S rRNA PCR and Sequencing Results
The mean turnaround time for positive 16S rRNA 
PCR and sequencing tests was 8 days (3.2–12.8 
days), whereas for negative tests it was 3 days (0–6.7 
days) (Table 2). A total of 84 (50%) specimens were 
collected from patients who received antimicrobial 
drugs within 24 hours before sampling, which was 
associated with a higher likelihood of positive re-
sults (p = 0.001).

The overall 16S rRNA PCR and sequencing posi-
tivity rate was 20% among all 162 specimens collect-
ed from 124 patients (Figure). Fluid specimens were 
3-fold more likely to test positive compared with tis-
sue specimens (OR 3.07 [95% CI 1.32–7.11]; p = 0.007) 
(Table 2). The most frequent specimen sources were 
cerebrospinal fluid, bone tissue, deep soft tissue, syno-
vial fluid, and pleural fluid. Among those, specimens  
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with high positivity rates included pleural fluid (50%, 
n = 5) and synovial fluid (43%, n = 9); there were no 
positive results from deep soft tissue specimens.

Among the 33 positive tests, 12 (36%) tests were 
polymicrobial detections. The most common single 
bacteria identified was Staphylococcus aureus complex 
in 4 (12%) positive tests, followed by Kingella kingae 

in 3 (9%) positive tests (all synovial fluid); other 
bacteria each accounted for 3%–9% of positive tests 
from various sources (Table 3). We recorded details 
of test results and clinical diagnoses for 24 patients 
with positive 16S rRNA PCR and sequencing results 
(Appendix Table, https://wwwnc.cdc.gov/EID/
article/31/13/24-1101-App1.pdf).
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Table 1. Patient characteristics from study of 16S ribosomal RNA gene PCR and sequencing for pediatric infection diagnosis, Mayo 
Clinic, Rochester, Minnesota, USA, 2020–2023* 
Patient characteristics Value, n = 124 patients 
Median age, y (IQR) 9.6 (2.2–15.0) 
Sex  
 F 58 (47) 
 M 66 (53) 
Immunocompromised host† 24 (20) 
Intensive care unit admission 46 (37) 
Suspected clinical syndrome  
 Meningoencephalitis 38 (31) 
 Musculoskeletal infection: septic arthritis, osteomyelitis 33 (27) 
 Pleural effusion 10 (8) 
 Surgical wound infection, including hardware infection 10 (8) 
 Lymphadenopathy 5 (4) 
 Bone mass 4 (3) 
 Intracranial abscess/fluid collection 2 (2) 
 Pericardial effusion 4 (3) 
 Pulmonary nodules 4 (3) 
 Traumatic wound infection 4 (3) 
 Intraabdominal abscess/fluid collection 4 (3) 
 Endocarditis 2 (2) 
 Splenic mass 1 (1) 
 Infected pseudoaneurysms 1 (1) 
 Mediastinitis 1 (1) 
 Retinal detachment 1 (1) 
 Suggested by pediatric infectious diseases team 56 (45) 
*Values are no. (%) patients except as indicated. IQR, interquartile range. 
†Immunocompromised hosts include those with history of solid organ transplant, history of hematopoietic stem cell transplant, active chemotherapy, or 
receiving an immunosuppressive agent. 

 

Figure. Specimen flowchart from a study of 16S ribosomal RNA gene PCR and sequencing for pediatric infection diagnosis, Mayo 
Clinic, Rochester, Minnesota, USA, 2020–2023. Specimens from tongue, ear canal, and nose were excluded.
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Comparison to Conventional Tests
Among 152 specimens tested with both Gram stain 
and 16S rRNA PCR and sequencing, 21% (n = 7) of pos-
itive specimens had a corresponding positive Gram 
stain, whereas none of the negative tests were associ-
ated with a positive Gram stain. Patients with positive 
Gram stains had a higher likelihood of positive 16S 
rRNA PCR and sequencing results compared with pa-
tients with negative Gram stains (p<0.0001) (Table 4).

Of the 161 specimens tested with both bacte-
rial cultures and 16S rRNA PCR and sequencing, 

133 (83%) specimens demonstrated concordant re-
sults between the 2 methods: 14 (9%) specimens 
were positive after both tests and 119 (74%) speci-
mens were negative after both tests. In addition, 
19 specimens with negative bacterial cultures were 
positive by 16S rRNA PCR and sequencing: poly-
microbial infections (n = 9), K. kingae (n = 3), Fuso-
bacterium naviforme/nucleatum (n = 2), Streptococcus 
mitis group (n = 2), Cardiobacterium hominis (n = 1), 
Pseudomonas aeruginosa (n = 1), and Streptococcus 
pyogenes (n = 1).
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Table 2. Specimen characteristics from study of 16S ribosomal RNA gene PCR and sequencing for pediatric infection diagnosis, Mayo 
Clinic, Rochester, Minnesota, USA, 2020–2023* 

Specimen characteristics 
Positive 16S rRNA PCR 
and sequencing, n = 33 

Negative 16S rRNA PCR 
and sequencing, n = 129 OR (95% CI) p value 

Turnaround time, d, mean ± SD 8.0 ± 4.8 3.0 ± 3.7 NA <0.0001 
Received antimicrobial drugs within 24 h 28 (85) 56 (43) 7.30 (2.65–20.11) 0.001 
Specimen hold ordered before testing 3 (9) 14 (11) 0.82 (0.22–3.04) 1.000 
Specimen type 

  
  

 Fluid 24 (73) 60 (47) 3.07 (1.32–7.11) 0.007 
 Tissue 9 (27) 69 (54) 0.33 (0.14–0.76) 0.007 
Specimen source† 

  
  

 Cerebrospinal fluid 5 (15) 33 (26) NA NA 
 Bone tissue 4 (12) 24 (19) NA NA 
 Deep soft tissue 0 22 (17) NA NA 
 Synovial fluid 9 (27) 12 (9) NA NA 
 Pleural fluid 5 (15) 5 (4) NA NA 
 Synovial tissue 2 (6) 7 (5) NA NA 
 Lymph node 0 5 (4) NA NA 
 Subdural fluid 3 (9) 1 (1) NA NA 
 Pericardial fluid 0 4 (3) NA NA 
 Peri-implant tissue 2 (6) 2 (2) NA NA 
 Peritoneal fluid 1 (3) 2 (2) NA NA 
 Lung parenchyma 0 3 (2) NA NA 
 Pacemaker pocket tissue 0 3 (2) NA NA 
 Vitreous fluid 1 (3) 1 (1) NA NA 
 Brain tissue 0 2 (2) NA NA 
 Ovarian fluid 0 1 (1) NA NA 
 Heart valve tissue 1 (3) 0 NA NA 
 Spleen tissue 0 1 (1) NA NA 
 Vascular tissue 0 1 (1) NA NA 
*Values are no. (%) tests except as indicated. NA, not applicable; OR, odds ratio. 
†Statistical analysis was not performed because of the limited sample size. 

 

 
Table 3. Microorganisms detected by 16S rRNA PCR and sequencing and associated specimen sources from a study of 16S 
ribosomal RNA gene PCR and sequencing for pediatric infection diagnosis, Mayo Clinic, Rochester, Minnesota, USA, 2020–2023 

Identified bacteria 
No. (%) positive 
results, n = 33 Specimen source (no. tests) 

Polymicrobial 12 (36) Bone tissue (4*), subdural fluid (3*), cerebrospinal fluid (1), 
peri-implant tissue (1), vitreous fluid (1*), synovial tissue (1), 

peritoneal fluid (1*) 
Staphylococcus aureus complex 4 (12) Synovial fluid (4) 
Kingella kingae 3 (9) Synovial fluid (3*) 
Streptococcus mitis group 3 (9) Pleural fluid (1), pleural fluid (2*) 
Fusobacterium naviforme/nucleatum 2 (6) Synovial fluid (1*), CSF (1*) 
Streptococcus intermedius 2 (6) Cerebrospinal fluid (2) 
Cardiobacterium hominis 1 (3) Peri-implant tissue (1*) 
Enterococcus faecalis 1 (3) Heart valve tissue (1) 
Fusobacterium necrophorum 1 (3) Pleural fluid (1) 
Pseudomonas aeruginosa 1 (3) Synovial tissue (1*) 
Staphylococcus epidermidis 1 (3) Cerebrospinal fluid (1) 
Streptococcus dysgalactiae 1 (3) Synovial fluid (1*) 
Streptococcus pyogenes 1 (3) Pleural fluid (1*) 
*Specimens with negative bacterial cultures from the same specimen source. 
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Nine 16S rRNA PCR and sequencing tests were 
negative despite positive cultures: 4 positive results 
for Cutibacterium acnes from bacterial cultures in peri-
implant and bone tissue, 1 positive result for Staphy-
lococcus capitis from bacterial culture in a bone tissue 
specimen, and 5 cases of suspected culture contami-
nation. The contamination cases involved isolations 
of Staphylococcus epidermidis from pleural fluid (n = 1), 
deep soft tissue (n = 1), and lymph node tissue (n = 1) 
and Niallia circulans group from bone (n = 1) and deep 
soft tissue (n = 1).

Of the 23 specimens tested with both the Bio-
Fire ME panel and 16S rRNA PCR and sequencing, 
2 were negative by the panel with positive 16S rRNA 
PCR and sequencing results (S. epidermidis and F. 
naviforme/nucleatum). The S. epidermidis case was con-
sidered a contaminant. No bacterial pathogens were 
identified by the BioFire ME panel that were not also 
detected by 16S rRNA PCR and sequencing.

Of the 7 synovial fluid specimens tested with both 
K. kingae PCR and 16S rRNA PCR and sequencing, 
86% (n = 6) of specimens showed concordant positive 
or negative results. 16S rRNA PCR and sequencing 
detected K. kingae in 1 synovial fluid specimen that 
tested negative with synovial fluid K. kingae PCR.

Multiple Tests on the Same Specimen Type
At least 2 16S rRNA PCR and sequencing tests 
were ordered for 22 patients on the same specimen 
source during the same procedure (Table 5), mostly 
bone tissue, deep soft tissue, and synovial fluid. All 
tests yielded concordant results, either negative  
or positive.

Specimen Hold Strategy
Clinicians placed a request to hold a specimen for po-
tential future 16S rRNA PCR and sequencing testing 
on 17 specimens (Table 2). Over the ensuing clinical 
course, because of positive Gram stains and negative 
bacterial cultures after 24–48 hours of incubation, 16S 
rRNA PCR and sequencing tests were performed on 
the saved specimens. Of those, 3 tests had positive 16S 
rRNA PCR and sequencing results, including identi-
fication of S. mitis group in 2 pleural fluid specimens 
and S. dysgalactiae in 1 synovial fluid specimen.

Discussion
In this study, we conducted a 3-year retrospec-
tive evaluation of the diagnostic yield of 16S rRNA 
PCR and sequencing in children by using various 
specimen types. We were unable to find many other  
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Table 4. Comparison of conventional tests and 16S rRNA PCR and sequencing results from study of 16S ribosomal RNA gene PCR 
and sequencing for pediatric infection diagnosis, Mayo Clinic, Rochester, Minnesota, USA, 2020–2023* 

Conventional tests characteristics 
16S rRNA PCR and sequencing results 

p value Positive  Negative  
Gram stain 

  
 

 Positive 7 0 <0.0001 
 Negative 26 119 
Bacterial culture 

  
 

 Positive 14 9 <0.0001 
 Negative 19 119 
BioFire Meningitis/Encephalitis panel, cerebrospinal fluid only 

  
 

 Positive 0 2† 1.000 
 Negative 2 19 
Synovial fluid Kingella kingae PCR, when clinically ordered 

  
 

 Positive 3 0 0.143 
 Negative 1 3 
*Specimens were collected from same specimen source. 
†One panel was positive for parechovirus and another was positive for human herpesvirus 6. 

 

 
Table 5. Characteristics of multiple 16S rRNA PCR and sequencing tests ordered on the same patient from the same specimen 
source during the same procedure from study of 16S ribosomal RNA gene PCR and sequencing for pediatric infection diagnosis, 
Mayo Clinic, Rochester, Minnesota, USA, 2020–2023* 

Characteristics 
Bone 

tissue, n = 7 
Deep soft 

tissue, n = 6 
Synovial 

fluid, n = 4 
Cerebrospinal 

fluid, n = 2 
Brain tissue, 

n = 1 

Pacemaker 
pocket tissue, 

n = 1 
Subdural 

fluid, n = 1 
Frequency of tests ordered 

 
 

 
 

   

 Two 4 (57) 3 (50) 3 (75) 2 (100) 1 (100) 1 (100) 0 
 Three 2 (29) 3 (50) 1 (25) 0 0 0 1 (100) 
 Four 1 (14) 0 0 0 0 0 0 
Assay results 

 
 

 
 

   

 Concordant negative 6 (86) 6 (100) 3 (75) 1 (50) 1 (100) 1 (100) 0 
 Concordant positive 1 (14) 0 1 (25) 1 (50) 0 0 1 (100) 
 Discordant 0 0 0 0 0 0 0 
*Values are no. (%) patients. 
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published studies exploring the application of 16S 
rRNA PCR and sequencing in pediatric patients. The 
overall test positivity rate we found was 20%, con-
sistent with previous studies in pediatric patients, 
which reported positivity rates ranging from 14% to 
23% (6,9,10,14). Initiation of empiric therapy within 
24 hours before sampling did not negatively affect 
positivity rates, consistent with findings from studies 
in adults and children (4,9,11). 

Subgroup analysis revealed that 16S rRNA PCR 
and sequencing had a higher positivity rate in fluid 
compared with tissue specimens, especially in pleural 
fluid, which provided additional diagnostic value for 
pathogens such as S. mitis group and S. pyogenes. De-
spite the limited pediatric sample size, our findings 
are consistent with prior studies indicating that pleu-
ral fluid yields a high positivity rate (10,14,15).

A potential limitation of our study is that bron-
choalveolar lavage (BAL) fluid was not tested; in pri-
or studies, BAL fluid has been reported as a common 
specimen source for 16S rRNA PCR and sequencing 
testing. However, despite high positivity rates in 
BAL fluids, the clinical relevance of those findings 
has been questionable (6,9,16), possibly because BAL 
fluid is not sterile. In contrast, sample dilution dur-
ing bronchoscopy can increase the likelihood of false-
negative results.

The yield of 16S rRNA PCR and sequencing in 
bone and joint infection has varied in previous re-
search, ranging from 21% to 32% (17–19). Bone tissue 
and synovial fluids or tissues were the most common 
sources in this study. Compared with the single K. 
kingae PCR test on synovial fluid used at the Mayo 
Clinic, the 16S rRNA PCR and sequencing offered ad-
ditional diagnostic value in only 1 of 7 cases. Given 
the shorter turnaround time of the K. kingae PCR test, 
a single PCR test remains the optimal first-line test for 
suspected bone and joint infections in toddlers. This 
target is also available on the BioFire joint infection 
(JI) panel (20). The BioFire JI panel has been used for 
rapid diagnosis of pediatric septic arthritis, offering a 
fast turnaround, and sensitive and specific detection 
of on-panel microorganisms and select antimicrobial 
resistance genes (20,21). Compared with the BioFire JI 
panel, 16S rRNA PCR and sequencing demonstrated 
higher sensitivity in periprosthetic JI (PJI) because the 
BioFire JI panel does not include S. epidermidis, a com-
mon cause of PJI (22–24).

We found discrepancies in C. acnes testing, in 
which cultures were positive but 16S rRNA PCR and 
sequencing was negative (4 peri-implant and bone 
tissue specimens). Those discrepancies are likely be-
cause of the limited ability to report low abundance 

C. acnes from 16S rRNA PCR and sequencing because 
of its frequent presence in background sequences, as 
published previously (25,26).

Of the 23 BioFire ME panels performed, 19 had 
concordant negative results by 16S rRNA PCR and 
sequencing, in keeping with other studies’ findings 
(4,27). 16S rRNA PCR and sequencing uniquely iden-
tified F. naviforme/nucleatum, which is not included in 
the ME panel (28). Two cases were negative by 16S 
rRNA PCR and sequencing but positive for viruses 
by the BioFire ME panel; this is expected because 16S 
rRNA PCR and sequencing targets bacterial DNA, 
while the BioFire ME panel includes viral targets. 
Turnaround time is a key factor to consider. Our find-
ings underscore the value of using the BioFire ME 
panel ahead of 16S rRNA PCR and sequencing, pro-
ceeding to 16S rRNA PCR and sequencing when the 
BioFire ME panel is negative (29).

In this study, multiple 16S rRNA PCR and se-
quencing tests performed on specimens from the 
same specimen source collected during the same pro-
cedure resulted in no discordant results. Assessment 
of the clinical value of performing multiple 16S rRNA 
PCR and sequencing tests has been limited. A mul-
ticenter study on adult PJI showed that collecting 5 
perioperative samples per patient for culture and 16S 
rRNA PCR and sequencing showed a lack of sensi-
tivty of the latter in the diagnosis of PJI (30). Another 
report indicated that testing multiple samples per pa-
tient may help rule out potential contaminating mi-
croorganisms (31). Our findings indicate a single 16S 
rRNA PCR and sequencing test on 1 specimen, col-
lected along with at >2 specimens for bacterial culture 
during the same procedure, may be adequate.

This study also explored the role of collecting 
and holding a specimen for future testing if clinically 
indicated. Positive detections were found in 3 cases 
managed with this strategy. We conceive that use of 
this diagnostic pathway could optimize testing re-
source use. Further research with larger sample sizes 
is necessary to determine the clinical syndromes and 
specimen sources that would benefit from delayed or 
reflexive testing.

The use of 16S rRNA PCR and sequencing in clini-
cal practice has implications for public health, includ-
ing enhanced detection of bacteria that may be notifi-
able infectious diseases. Clinical laboratories should 
establish protocols for reporting detected pathogens 
to public health authorities, and public health labo-
ratories should define which molecularly detected 
species are reportable from which specimen types. 
As demonstrated in this study, K. kingae, often missed 
by conventional cultures, is readily detected by 16S 
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rRNA PCR and sequencing. Clinical use of this assay 
can provide data useful for identifying outbreaks and 
informing timely public health interventions (32).

The first limitation of this study is that the small 
sample size limits statistical power. Second, the study 
was conducted at a single institution, limiting gener-
alizability. Finally, subgroup analysis of suspected 
clinical syndromes and outcomes was not performed. 
Future studies with larger sample sizes, specimens 
collected from multiple sites, comprehensive clini-
cal outcomes recorded, and adjustments for potential 
confounders are warranted.

In conclusion, this study demonstrates that 16S 
rRNA PCR and sequencing yields the highest posi-
tivity rate in fluid specimens, particularly pleural 
and synovial fluids from children. A strategy of 
collecting specimens for future testing, if clinically 
indicated, is described as a diagnostic stewardship 
tool. Further research should focus on optimizing 
use of the described testing use in conjunction with 
other testing, while considering overall turnaround 
time. Implementation research is needed to evalu-
ate the effect of 16S rRNA PCR and sequencing on 
patient outcomes.
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Vincent van Gogh’s The Starry Night is widely con-
sidered a postimpressionist masterpiece and is 

one of the most recognizable pieces of art in modern 
history. It also presents a metaphor for public health 

innovation, particularly the advances in pathogen 
genomics and genomic epidemiology that are the 
central theme of this supplemental issue of Emerging 
Infectious Diseases.

The Starry Night was one of more than 150 
paintings that van Gogh produced in 1889 and 
shared with a doctor friend during a year of recov-
ery and intense personal turmoil in Saint-Rémy-de-
Provence. The work captures the swirling clouds 
and interconnected stars of the night sky with a 

Vincent van Gogh (1853–1890), The Starry Night (1889). Oil on canvas, 29 in × 36¼ in/73.7 cm × 92.1 cm. Museum of Modern Art, 
New York, New York, USA. Public domain image from Google Art Project.
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staccato of short and purposeful brush strokes. Up 
close, these individual strokes seem chaotic and 
disjointed, but they resolve into coherent dimen-
sions of time and space when viewed from afar. In 
pathogen genomics, each genetic sequence, much 
like a brushstroke, provides only a glimpse of a 
pathogen’s genomic structure, characteristics, or 
origins. When viewed through a bioinformatic lens, 
those sequence fragments can be aligned and as-
sembled into a more complete picture, with further 
resolution of the genomic landscape, and a new un-
derstanding of its features that emerges when each 
fragment is appreciated in the context of hundreds 
or even thousands of others.

The painting also confers a sense of movement 
and unity: the whirling clouds, punctuated by ce-
lestial bodies that capture the viewer’s attention and 
evoke feelings of connection and interaction. Similar-
ly, genomic epidemiology integrates molecular and 
epidemiologic data to illuminate complex patterns 
of disease transmission and the interactions among 
pathogens, hosts, and entire populations. Just as van 
Gogh used the clouds to connect the stars in his sky, 
genomic epidemiologists draw links between cases, 
mapping transmission chains and identifying sources 
of infection.

The shapes and colors of this painting echo the 
data visualization methods that have emerged over 
the past decade to help scientists communicate com-
plex phylogenetic and phylogeographic data to other 
public health professionals, policymakers, and the 
public. Visualization tools such as phylogenetic trees, 
flowcharts, heatmaps, and transmission networks 

help to translate nuanced genomic data into under-
standable narratives through color and form.

For van Gogh, this painting also reflects an im-
portant period of introspection and discovery, as well 
as an attempt to capture and interpret his environ-
ment. Applied public health and infectious disease 
research share a similar intention, focused on better 
understanding and responding to infectious disease 
threats. In a sense, both represent an effort to find or-
der in complex systems, and to reveal the hidden pat-
terns that connect them.
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