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Abstract

Serotyping has traditionally been used for subtyping of non- typhoidal Salmonella (NTS) isolates. However, its discriminatory power is limited, 
which impairs its use for epidemiological investigations of source attribution. Whole- genome sequencing (WGS) analysis allows more accu-
rate subtyping of strains. However, because of the relative newness and cost of routine WGS, large- scale studies involving NTS WGS are still 
rare. We aimed to revisit the big picture of subtyping NTS with a public health impact by using traditional serotyping (i.e. reaction between 
antisera and surface antigens) and comparing the results with those obtained using WGS. For this purpose, we analysed 18 282 sequences 
of isolates belonging to 37 serotypes with a public health impact that were recovered in the USA between 2006 and 2017 from multiple 
sources, and were available at the National Center for Biotechnology Information (NCBI). Phylogenetic trees were reconstructed for each 
serotype using the core genome for the identification of genetic subpopulations. We demonstrated that WGS- based subtyping allows better 
identification of sources potentially linked with human infection and emerging subpopulations, along with providing information on the risk 
of dissemination of plasmids and acquired antimicrobial resistance genes (AARGs). In addition, by reconstructing a phylogenetic tree with 
representative isolates from all serotypes (n=370), we demonstrated genetic variability within and between serotypes, which formed mono-
phyletic, polyphyletic and paraphyletic clades. Moreover, we found (in the entire data set) an increased detection rate for AARGs linked to key 
antimicrobials (such as quinolones and extended- spectrum cephalosporins) over time. The outputs of this large- scale analysis reveal new 
insights into the genetic diversity within and between serotypes; the polyphyly and paraphyly of certain serotypes may suggest that the sub-
typing of NTS to serotypes may not be sufficient. Moreover, the results and the methods presented here, leading to differentiation between 
genetic subpopulations based on their potential risk to public health, as well as narrowing down the possible sources of these infections, 
may be used as a baseline for subtyping of future NTS infections and help efforts to mitigate and prevent infections in the USA and globally.

DATA SUMMARY
A list of the Sequence Read Archive (SRA) numbers of all NTS 
isolate sequences included in the final analysis (n=18282), their 
metadata (collection period, source, etc.) and genetic attributes 
are included in Table S1 (available in the online version of this 
article). All sequences were downloaded from the National 
Center for Biotechnology Information (NCBI) SRA repository.

INTRODUCTION
Every year, approximately 1 million people fall ill, 20 000 
are hospitalized and 400 die due to foodborne zoonotic 
salmonellosis in the USA [1]. The annual economic burden 
of the disease has been estimated to reach USD $3.7 billion 
(ranging between $193 million and $9.5 billion) in the 
country [2].

http://mgen.microbiologyresearch.org/content/journal/mgen/
https://creativecommons.org/licenses/by-nc/4.0/legalcode
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Serotyping has been used for many years for the subtyping of 
Salmonella isolates based on the immunological variability of 
two main surface structures, namely the O (somatic) and the H 
(flagellar) antigens [3]. Based on to the Kauffmann–White–Le 
Minor scheme, more than 2600 serotypes had been identified up 
to 2019; of these, approximately 1600 belong to the subspecies 
enterica (subspecies I), which is the subspecies involved in the 
vast majority of the foodborne zoonotic salmonellosis caused 
by non- typhoidal Salmonella (NTS) [4]. Even though many 
serotypes may contribute to human illness, the 20 most preva-
lent serotypes account for almost 70 % of the reported human 
cases in the USA according to a Centers for Disease Control and 
Prevention (CDC) report [5]. Serotyping is a useful and efficient 
way to subtype NTS infections, but it has low discriminatory 
power for differentiating between similar isolates belonging 
to the same serovar, which limits its use for epidemiological 
purposes, including tracing sources of infections [6]. Therefore, 
over the years, multiple molecular methods, such as pulsed- field 
gel electrophoresis (PFGE), multilocus sequence typing (MLST) 
and whole- genome sequencing (WGS), have been developed 
and increasingly applied to subtype Salmonella strains accu-
rately, as reviewed by Tang et al. [6]. WGS is the most recent of 
these molecular methods, and can provide the highest subtyping 
resolution if used, for example, for single- nucleotide polymor-
phism (SNP) typing or core genome multilocus sequence typing 
(cgMLST) [7, 8]. This method is also gradually being adopted 
as the main method for pathogen subtyping by public health 
surveillance systems in different countries, including the USA 
[6].

The high discriminatory power of methods such as WGS to 
identify sources of infection can be particularly useful in the 
case of foodborne zoonoses, due to the complexity of the food 
processing chain, which includes multiple steps from farm to 
fork, in which cross- contamination may occur. Successful trace-
back of the sources of NTS outbreaks has been achieved in the 
past [9–11], allowing the implementation of control measures 
to reduce the risk of infection. However, the outputs of such 
studies may be limited to the specific outbreak being investi-
gated. Moreover, outbreaks only account for a small portion 
of all Salmonella infections in humans, and most (60–80 %) 
cases are considered to be sporadic infections [12] for which 
no specific source is attributed. Pires et al. have reviewed the 
available approaches (other than WGS) for source attribution 
in the case of sporadic NTS infections [13]. These approaches 
provided an important contribution to our understanding of 
Salmonella epidemiology. However, the increasing availability 
of WGS opens up new opportunities for better identification of 
sources through finer resolution in strain subtyping [14, 15].

Here we used sequences of NTS isolates collected from various 
sources between 2006 and 2017 in the USA to generate WGS- 
based subtyping in comparison with the classic serotype- based 
approach. We grouped strains based on their serotype and based 
on the genetic subpopulations identified in the phylogenetic tree 
of each serotype, and compared the usefulness of each technique 
to identify isolates belonging to groups not typically associated 
with human infections and those belonging to emerging subpop-
ulations that are associated with human infections and linked 

to one or more specific sources. Furthermore, we identified the 
presence of acquired antimicrobial resistance genes (AARGs), 
usually harboured by plasmids, in the sequences to estimate 
their potential risk for dissemination through these emerging 
subpopulations. The outputs of this large- scale analysis provide 
insights into the genetic diversity within and between serotypes 
and may be used as a baseline for subtyping of future NTS with 
a public health impact infections and estimating their potential 
source and public health risk.

METHODS
Study population
The National Center for Biotechnology Information (NCBI) 
Pathogen Detection repository (https://www. ncbi. nlm. nih. 
gov/ pathogens) Salmonella metadata were downloaded (13 
October 2017) and explored to identify NTS isolates recovered 
in the USA between 2006 and 2017 from multiple sources (see 
below). We defined serotypes with a public health impact as 
those including metadata for at least 100 isolates, of which 1 
or more were retrieved from humans. Based on this definition, 
the sequences of 25 897 isolates belonging to 37 serotypes were 
considered for inclusion in the analysis.

Impact Statement

Isolates of non- typhoidal Salmonella (NTS), a major 
foodborne pathogen, are traditionally subtyped into 
serotypes. However, serotyping has low discriminatory 
power, especially in comparison to the increasingly avail-
able whole- genome sequencing (WGS) technology. Thus 
far, the use of WGS in NTS studies has been limited to 
small- scale studies on certain serotypes, mainly as part 
of outbreak investigations. Here, in one of the largest 
analysis of NTS WGS published in the peer- reviewed 
literature, we analysed 18 282 sequences of isolates 
belonging to 37 serotypes with a public health impact 
that were recovered in the USA between 2006 and 
2017 from multiple sources. Serotype and WGS- based 
subtyping were compared, and the advantages of the 
latter were demonstrated. In addition, we demonstrated 
that high variability within certain serotypes might result 
in the misclassification of distinct bacterial subpopu-
lations into a single serotype. We found an increase in 
the detection of resistance genes to key antimicrobials 
over time, and that certain genetic subpopulations may 
present higher risk for their horizontal dissemination. 
Overall, this analysis provides a bird’s eye view of the 
genetic variation within and between NTS serotypes with 
a public health impact, and outputs may set the ground 
for future studies focusing on specific genetic subpopu-
lations with a public health impact.

https://www.ncbi.nlm.nih.gov/pathogens
https://www.ncbi.nlm.nih.gov/pathogens
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Data analysis
Data quality
For each serotype, paired- end Illumina reads were downloaded 
from the NCBI’s ftp server and assembled using SPAdes assem-
bler v3.12.0 [16]. QUAST v4.6.3 [17] and Salmonella In Silico 
Typing Resource (SISTR) v1.0.2 [18] outputs were used for the 
filtration of assemblies with an N50 value <30 000 base pairs (bp) 
and mismatched serotypes, respectively (overall 1 685 isolates 
were excluded from the analysis; see the Supplementary Mate-
rial for details). In addition, the average coverage (depth) of 
99.6 % of the assemblies was at least 20 (see the Supplementary 
Material for details).

Genetic analyses
The assembled contigs were used as follows:

(a) For the detection of AARGs, MLST and plasmid rep-
licon types using ResFinder v2.1 [19], MLST v1.6 [20] 
and PlasmidFinder v1.2 [20], respectively. These bio-
informatic tools and their databases [included in the 
‘bacterial analysis pipeline’ at the Center for Genomic 
Epidemiology server (https:// cge. cbs. dtu. dk/ services/ 
cge/)] were downloaded and used on a local server (with 
a local blast v2.4.0+ [21]) using the ‘bacterial analysis 
pipeline’ default settings.

(b) For annotation using Prokka v1.13.3 [22] and recon-
struction of a pan and core genomes. Pan and core 
genome reconstruction was conducted for each serotype 
separately (with two outgroup sequences in each analysis; 
see below) using the Prokka GFF format output in Roary 
v3.12.0 [23]. Core genes (genes present in at least 99 % of 
the genomes) were used to construct a multiple FASTA 
alignment file, from which the SNPs were extracted using 
SNP- sites v2.4.0 [24]. An approximately maximum- 
likelihood phylogenetic tree of each serotype was recon-
structed with FastTree v2.1.10 [25] using the general 
time- reversible substitution evolutionary model with 
gamma correction (GTR+Γ). Trees were rooted using  
S. Paratyphi type A outgroup (SRR3033248, SRR3277289) 
and support for the tree branches was assessed using 
5000 bootstrap replicates (see the Supplementary Mate-
rial for additional details). The packages ape v5.0 [26] and 
ggtree v1.10.5 [27] in R software v3.4.3 [28] were used 
for visualization. For each serotype, the phylogenetic tree 
was visualized, and genetically distinct subpopulations 
were defined as clusters including more than 10 geneti-
cally similar sequences (with branch bootstrap support 
higher than 70 %; not necessarily a monophyletic group). 
Sequences not included in these subpopulations were 
defined as ‘not grouped’. These were excluded from the 
analyses when only the subpopulations were analysed or 
when comparing the subtyping by serotype and genetic 
subpopulations.

Moreover, the phylogenetic trees were scanned visually and 
10 sequences were selected to represent each of the serotypes 
(and their distinct genetic subpopulations), and a core genome 
of these sequences (n=370) was created (as described above). 
The SNP alignment was then used for reconstruction of a 

maximum- likelihood (ML) phylogenetic tree with RAxML 
v8.2.10 [29]. The tree was rooted using the S. Paratyphi type 
A outgroup strain (see above) and 5000 bootstrap replicates 
were used for branch support.

The data quality and genetic analyses are further described 
in the Supplementary Material and the analysis pipeline is 
illustrated in Fig. S1.

Data interpretation

Comparison between subtyping by serotypes and 
genetic subpopulations
The sources of the sequenced isolates were categorized as 
either human, bovine, poultry or porcine (including isolates 
from both animals and food products), and ‘others’ (including 
isolates from food products not originated from livestock, 
environment, wildlife, domestic animals and with no 
information; see the Supplementary Material for additional 
details). In addition, the study period was divided into three 
equal time intervals: 2006–2009, 2010–2013 and 2014–2017.

The traditional serotype- based subtyping approach and the 
WGS approach (genetic subpopulations) were compared. For 
this purpose, we evaluated which of the sources (i.e. human, 
bovine, poultry, porcine and others) were found at least once 
in each serotype and subpopulation. Then, Venn diagrams 
(obtained through the package VennDiagram v1.6.18 [30] 
in R [28]) were used to illustrate the number of serotypes 
and genetic subpopulations for which a specific source and/
or combination of sources were found. Furthermore, to allow 
a better identification of potentially emerging subpopulations 
and their sources, the proportion of isolates from each period 
and source in the subpopulations (and serotypes) were visual-
ized using bar plots.

The genetic characteristics (i.e. presence of AARGs, MLST 
and plasmid replicon types) found in the genomes were 
summarized by serotype and genetic subpopulation, and the 
percentage of sequences in which AARGs conferring resist-
ance to key antimicrobials were found was calculated for each 
subpopulation (see the Supplementary Material for additional 
details on data summarization). The risk for the dissemina-
tion of key antimicrobials was defined as follows: ‘no current 
risk’ when no AARGs were found in the genomes; ‘low’ for 
1–10 % AARG prevalence; ‘moderate’ for 11–50 % AARG 
prevalence; and ‘high’ for >50 % AARG prevalence.

For genomes harbouring plasmid replicons, an estimate of 
their size was obtained using the average size of the replicon 
type, which was calculated based on the plasmid sizes 
described by Carattoli et al. [20]. Plasmids were then catego-
rized into groups: (1) ‘small’, up to 6 kbp; (2) ‘intermediate’, 
between 6 and 100 kbp; and (3) ‘large’, more than 100 kbp. The 
percentage of sequences harbouring the different plasmid size 
groups was summarized for each genetic subpopulation. In 
addition, we evaluated which of the plasmid size categories 
(i.e. small, intermediate and large) were found at least once 
in each serotype and subpopulation, and summarized and 
compared the number of serotypes and genetic subpopulations 

https://cge.cbs.dtu.dk/services/cge/
https://cge.cbs.dtu.dk/services/cge/
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for which a specific plasmid size category and/or combination 
of plasmid size categories were found.

General trends in the presence of AARGs and 
plasmid replicons
The entire data set was used to identify temporal trends of 
the following:

(a) The presence of AARGs conferring antimicrobial resist-
ance to ampicillin, streptomycin, sulfonamides and 
tetracycline, with/without genes conferring resistance 
to chloramphenicol – ACSSuT and ASSuT profiles, 
respectively. These profiles were defined, based on their 
definition in emerging serotypes (see the Discussion 
for further details), by the simultaneous presence of 
the genes blaCARB-2 (formerly named blaPSE-1), floR, 
aadA2, sul1 and tetG [31] for the ACSSuT profile, and the 
simultaneous presence of the genes blaTEM- 1B, strA and 
strB, sul2 and tetB [32, 33] for the ASSuT profile.

(b) The presence of AARGs conferring resistance to key 
antimicrobials including quinolones (aac(6′)Ib- cr, qnr 
and oqx genes), ESCs (including blaCMY, blaSHV, blaCTX- M 
and blaOXA genes) and colistin (mcr genes).

(c) The presence of plasmid size groups.

RESULTS
Overall the whole- genome sequences of 1282 NTS isolates 
belonging to 37 serotypes that were collected between 
2006 and 2017 in the USA from multiple sources [human 
(n=6 180), bovine (n=1 702), poultry (n=6 129), swine 
(n=2 071) and others (n=2 200)] were included in the analysis. 
In the final analysis (after performing a quality control check 
and removing genetically identical duplicates; see below) 
the number of isolates per serotype varied between 94 and 
2 113 (median=304), and the five predominant serotypes were  
S. Enteritidis (n=2 113), S. Typhimurium (n=1 926),  
S. Kentucky (n=1 635), S. Newport (n=1 159) and S. 4,[5],12:i:- 
(n=1 015). The number of core genes (found in at least 99 % of 
the isolates, including the S. Paratyphi A outgroup strains) in 
each serotype varied between 3 195 and 4 109 (median=3 793). 
The serotypes’ core genome alignment lengths varied between 
2861875 and 3911965 bp (median=3561091 bp) and the 
SNPs’ variable site alignment lengths varied between 15663 
and 71013 bp (median=40915 bp). The maximal difference 
between two isolates within a serotype (excluding the S. Para-
typhi A outgroup strains) ranged between 151 (S. London; 
core genome alignment length=3611490 bp) and 38 926  
(S. Reading; core genome alignment length=3561091 bp) 
SNPs, and between one and eight distinct genetic subpopula-
tions were identified within each serotype (Fig. 1).

Comparison between subtyping by serotypes and 
by genetic subpopulations
While subtyping the data by serotypes, 31/37 (84 %) of 
the serotypes included isolates collected from all sources 
considered, resulting in limited ability to identify a unique 
source for human infections. However, when using the 

genetic subpopulations for subtyping, only 57/106 (54 %) 
of the genetic subpopulations included all possible sources 
(Fig.  2; see also Fig. S2 for the proportions of different 
sources within the genetic subpopulations). Moreover, 
changes in the proportions of the different subpopula-
tions within a serotype over time were demonstrated using 
WGS subtyping (Fig. S3). For example, the total number of  
S. 4,[5],12:i:- sequences increased over time. However, when 
examining the proportion of sequences from each genetic 
subpopulation, it was apparent that subpopulation 3 of this 
serotype, which was first detected during 2010–2013, was the 
main contributor to the dramatic increase of this serotype 
in 2014–2017 (an increase was also evident in subpopula-
tions 1 and 2. However, subpopulation 3 consisted almost 
75 % of the sequences of this serotype). Large variability 
in genetic resistance (based on presence of AARGs) to 
antimicrobial classes was found across serotypes (Table 1). 
Furthermore, the genetic characteristics (AARGs, MLST and 
predominant plasmid replicons) varied between subpopula-
tions within serotypes. For example, resistance to phenicols 
(mostly due to the presence of floR gene) was mainly found 
in serotypes Dublin (85.19 % of the sequences within the 
serotype), Infantis (28.22 %), Typhimurium (21.81 %), Agona 
(15.67 %) and Newport (13.29 %). However, in all but sero-
type Dublin, in which only one subpopulation was defined, 
certain subpopulations were the main contributors for this 
resistance: S. Infantis subpopulation 4 [244/336 (72.62 %)]; 
S. Typhimurium subpopulations 3 [35/67 (71.43 %)] and 5 
[328/400 (82 %)]; S. Agona subpopulations 1 [23/46 (50 %)] 
and 2 [14/34 (41.18 %)]; and S. Newport subpopulation 2 
[146/262 (55.73 %)] (Table S2).

The reconstruction of the ML phylogenetic tree of all 37 
serotypes (n=370) was conducted using 128 217 SNP vari-
able sites that were found in 2965 core genes (including the 
S. Paratyphi A outgroup strains; Fig.  3). Different levels 
of genetic variation within serotypes were observed, and 
the selected sequences (n=10 from each serotype) formed 
monophyletic, polyphyletic and paraphyletic clades in 
different serotypes (Figs 3 and S4; see the Discussion for 
further details).

The predicted risk for dissemination of AARGs varied 
between subpopulations (Tables  2 and S3). In 57/106 
(54 %), 9/106 (8 %) and 4/106 (4 %) of the subpopulations, 
AARGs conferring resistance to extended- spectrum cepha-
losporins (ESCs) by means of AmpC, extended- spectrum 
beta- lactamases (ESBLs) and carbapenemases were found, 
respectively. These subpopulations were estimated to have 
the potential to disseminate resistance to ESCs with a level 
of risk ranging between low and high (1–10 and >50 % of the 
sequences within the subpopulation harbouring resistance 
genes to ESCs, respectively). In 68/106 (64 %) and 54/106 
(51 %) of the subpopulations one or more AARGs conferring 
resistance to quinolones or only the predominant qnrB19 
gene were found, respectively, and it was estimated that the 
risk for dissemination was up to moderate (11–50 % of the 
sequences within the subpopulations harbouring resistance 
genes to quinolones).



5

Elnekave et al., Microbial Genomics 2020;6

Plasmid replicons indicated the presence of small (<6000 bp), 
intermediate (≥6 000 bp, <100000 bp) and large (≥100000 bp) 
plasmids in sequences from 36, 37 and 34 of the serotypes 
respectively, with all serotypes but 1 harbouring plasmids 
of more than 1 size category. When genetic subpopulations 
were considered, plasmids belonging to only one category 
size were found in 11/94, 20/103 and 11/77 of the subpopu-
lations harbouring small, intermediate and large plasmids, 
respectively (Table 3). Moreover, the percentage of isolates 
harbouring plasmids varied within serotypes and subpopula-
tions: 0–98 % (median=9 %), 0–100 % (median=21.5 %) and 
0–100 % (median=5.5 %) of the isolates within subpopulation 
were harbouring small, intermediate and large plasmids, 
respectively (Table S3, Fig. S5).

General trends in the presence of AARGs and 
plasmid replicons
The AARGs conferring the ACSSuT and ASSuT resist-
ance profiles (see above) were found in isolates recovered 
throughout the period between 2006 and 2017, regard-
less of the sequencing intensity (Fig.  4, upper and lower 
insets, respectively). However, the frequency of the AARGs 

conferring ASSuT were higher than those conferring ACSSuT 
(e.g. 1800 blaTEM- 1B as opposed to only 338 blaCARB-2 genes being 
detected between 2006 and 2017). Moreover, while some of 
the AARGs conferring the ACSSuT profile [i.e. blaCARB-2 and 
tet(G)] have been detected less frequently since 2015 (despite 
a larger number of sequences being available between 2015 
and 2017), the majority (75 %) of the isolates harbouring the 
AARGs conferring the ASSuT genetic profile were detected 
starting 2010 and 2012 period.

The detection of AARGs conferring resistance to key 
antimicrobial classes was variable (Fig.  4, middle inset). 
blaCMY genes (n=1477), of which 1348 (91 %) were blaCMY-2, 
the predominant gene conferring resistance to ESCs, were 
detected in sequences of isolates collected throughout the 
period between 2006 and 2017, while the increasingly abun-
dant blaCTX- M (n=249) had mainly been found since 2015, 
with 50 % of genes detected in isolates collected during 2017. 
qnr genes (n=364) were the predominant AARGs associated 
with quinolone resistance. These had already been detected 
in isolates collected in 2006, but most genes were found after 
2014, with 50 % of the genes detected in sequences of isolates 

Fig. 1. Approximate maximum- likelihood phylogenetic trees were reconstructed with FastTree using SNPs found in the core genomes 
of the 37 Salmonella serotypes. For each serotype, a core genome alignment was created including two S. Paratyphi type A outgroup 
strains (SRR3033248, SRR3277289; not included in the figure). Bootstrap replicates (n=5000) were used for branch support. Tree tips 
were coloured according to the identified genetic subpopulations. The scale bar indicates SNP difference.
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collected since 2016. mcr gene (mcr-1) was only detected once 
in a sequence of an isolate collected in 2016.

Small (<6 000 bp), intermediate (≥6 000 bp, <100000 bp) and 
large (≥100000 bp) plasmids were identified in sequences of 
isolates collected throughout the period between 2006 and 
2017, with the majority (75 %) of plasmids detected since 
2011, 2012 and 2012, respectively (data not shown).

DISCUSSION
We have analysed a large data set of 18 282 whole- genome 
sequences of NTS isolates that were collected in the USA 
between 2006 and 2017 belonging to 37 serotypes with a 
public health impact. By aligning the core genes of isolates 
within each serotype, we were able to reconstruct the 
phylogenetic trees and identify genetic subpopulations 
within serotypes. We used the assembled contigs to identify 
unique genetic characteristics, including AARGs, and this 
information was combined with the source and collection 
time. By comparing the subtyping of isolates based on tradi-
tional serotyping and the one based on the phylogenies, we 

demonstrated the usefulness of the latter for the detection of 
specific subpopulations that may be associated with a limited 
number of sources and/or might be increasing in prevalence 
over time. For example, eggs and poultry meat are regarded 
as the main source of S. Enteritidis [34]. However, when the 
WGS information for S. Enteritidis from the USA is consid-
ered, this association with poultry and its products is reflected 
in subpopulations 3 and 4, but not in subpopulations 1 and 2 
of this serotype (Fig. S2). The latter are mainly associated with 
the ‘other’ category, which includes various possible sources. 
It is possible that isolates in these subpopulations ultimately 
originated from poultry and ended up being recovered from 
other sources due to cross- contamination, but it is also possible 
that non- poultry sources are the main origin of a proportion 
of human cases. This is important when considering disease 
control and mitigation and, in fact, the increasing availability 
of WGS data through surveillance programmes for foodborne 
infections [35] has allowed the identification of the sources of 
infections due to certain Salmonella serovars through machine 
learning. These approaches may not always be straightfor-
ward, however: Wheeler [15] summarized the findings of two 
studies that applied machine learning to track the sources of  
S. Typhimurium infections in the USA and found contradic-
tory results regarding the source of this pathogen, possibly 
due to differences in the data selected for use in the models. 
This is, however, another example of the potential usefulness 
of using the discriminatory power of WGS for subtyping of 
Salmonella and source tracking.

Given the high number of the NTS sequences that were 
considered for inclusion in this analysis (above 25000; Fig. 
S1), filtration of poor quality and/or potentially misclas-
sified sequences was required to avoid errors that might 
require repetition of the analyses. Among other measures 
to ensure the quality of the data, in silico serotyping was 
used as an initial filtration step and isolates for which the 
predicted serotype was in disagreement with the metadata 
were excluded. High accuracy (approximately 95 %) of SISTR 
was estimated previously, as described in a review by Tang 
et al. [6]. Accordingly, here in most serotypes the predicted 
serotypes of only few isolates (up to 6.7 % of the sequences 
within serotype) were found to disagree with the metadata. 
However, in S. Enteritidis 959/6225 (15.41 %) of the sequences 
were excluded. This may be a result of low coverage (depth) 
of the specific genes detected by SISTR or it may indicate of 
a limitation of SISTR to identify this serotype. However, it is 
also possible that errors in traditional serotyping occurred, as 
this technique can be error- prone [6, 36].

While reconstructing the phylogenetic trees of different sero-
types, a relatively large genetic heterogeneity was observed 
between subpopulations in certain serotypes (S. Bareilly,  
S. Cerro, S. Derby, S. Kentucky, S. Montevideo, S. Newport,  
S. Reading, S. Saintpaul, S. Senftenberg and S. Poona), but not 
in others (e.g. S. Hadar and S. Dublin). This variability was also 
evident in the phylogenetic tree that included all 37 serotypes: 
for most serotypes, all genetic subpopulations were included 
in a monophyletic clade, but isolates from serotypes with large 
genetic variability (except S. Derby, S. Montevideo and S. Poona) 

Fig. 2. Venn diagrams demonstrating the degree of overlap between 
sources when data were subtyped by serotypes (upper inset) or genetic 
subpopulations (lower inset). The number of serotypes/subpopulations 
is indicated within each category (values higher than zero are 
highlighted in blue). Sources were coloured as follows: human (purple), 
bovine (blue), poultry (brown), porcine (orange) and other (grey).
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Fig. 3. An ML phylogenetic tree was reconstructed with RAxML using SNPs found in the core genome of representative sequences 
from all 37 serotypes (n=370). Ten sequences were selected from each serotype phylogeny to represent the diversity of the genetic 
subpopulations. The tree was rooted using S. Paratyphi type A outgroup strains (SRR3033248, SRR3277289; not included in the figure). 
Bootstrap replicates (n=5000) were used for branch support. Full and empty circles indicate ≥70 and <70 % bootstrap support for major 
branches, respectively. Tree tips were coloured according to the serotype (Fig. S3 includes the same tree, annotated by the serotype and 
the genetic subpopulations).

Table 2. The estimated level of risk for resistance dissemination from genetic subpopulations of non- typhoid Salmonella

Resistance dissemination risk level* # of subpopulations in the category (% out of all 106 subpopulations)

ESC classes Quinolones

AmpC† ESBL‡ Carbapenems§ All|| qnrB19

No current 49 (46.23 %) 97 (91.51 %) 102 (96.23 %) 38 (35.85 %) 52 (49.06 %)

Low 46 (43.4 %) 8 (7.55 %) 3 (2.83 %) 63 (59.43 %) 52 (49.06 %)

Moderate 6 (5.66 %) – 1 (0.94 %) 5 (4.72 %) 2 (1.89 %)

High 5 (4.72 %) 1 (0.94 %) – – –

*Genetic subpopulations were categorized according the percentage of sequences that harboured the AARGs. The categories were defined as 
follows: ‘no current’ – none were found; ‘low’ – between 1 and 10 % harboured the AARGs; ‘moderate’ – between 11 and 50 % harboured the 
AARGs; and ‘high’ – above 50 % harboured the AARGs.
†Presence of bla

CMY
 genes.

‡Presence of bla
SHV

 and/or bla
CTX- M

 genes.
§Presence of bla

OXA
 genes.

||Presence of qnr and/or aac(6')- Ib- cr and/or oqx genes.



10

Elnekave et al., Microbial Genomics 2020;6

constructed polyphyletic clades with genetic subpopulations 
divided into different tree branches. The existence of polyphyl-
etic serotypes has been reported before [37–39], including when 
comparing between subtyping of Salmonella by serotyping and 
sequence types (STs) and/or by genetically closely related clus-
ters called eBurstGroups (eBGs) [36], but never in the context of 
an analysis including such a large number of isolates of multiple 
serotypes with public health relevance, as in this study. This 
within- serotype genetic variability further supports the need 
to use techniques with high discriminatory power to study the 
epidemiology of these important pathogens. This is particularly 
evident in the case of S. Typhimurium and its two variants, sero-
types 4,[5],12:i:- and Copenhagen [40, 41]. In the phylogenetic 
tree of all serotypes, S. Typhimurium formed a paraphyletic 
clade and its variants (S. 4,[5],12:i:- and S. Copenhagen) formed 
polyphyletic clades with the genetic subpopulations divided into 
different branches. A similar structure was also evident in a 
previous study we conducted [32], in which a phylogenetic tree of  
S. Typhimurium and S. 4,[5],12:i:- sequences was divided into 
two main clades according to two genetic subpopulations of 
S. 4,[5],12:i:-, with S. Typhimurium isolates included in both. 
Therefore, our findings suggest that differentiation of isolates 
belonging to these three serotypes based on their antigenic 
formulas may be misleading, and that genetic characteriza-
tion will give a more accurate picture of their epidemiological 
relationship. However, this study was designed to provide a 
bird’s eye view of the genetic structure of multiple NTS sero-
types with a public health impact, and for this reason a single 
genetically related outgroup (S. Paratyphi A) was included in 
all of the phylogeny reconstructions. This decision allowed 
standardization of the analyses, but inevitable variation in the 
genetic similarity between different serotypes and the selected 
outgroup may have resulted in reduced ability to identify minor 
changes within those. Additional focused studies that may also 
include the use of models to estimate the evolution, such as 
Bayesian evolutionary analysis sampling trees (beast [42]), of  
S. Typhimurium and its variants are required for finer estima-
tion of the epidemiology of these serotypes.

We identified specific genetic characteristics (such as the 
presence of AARGs and plasmids) linked to certain genetic 

Table 3. The presence of plasmids (based on the identification of plasmid replicons) in serotypes and genetic subpopulations of non- typhoid Salmonella, 
categorized according to the plasmids’ estimated size into ‘small’ (<6000 bp), ‘intermediate’ (≥6 000 bp, <100000 bp) and ‘large’ (≥100000 bp). The total 
number and the extent of overlap between plasmid size groups within serotype and genetic subpopulations are presented

Plasmid size* category Grouping method Found in (n) Alone Overlap with other plasmid size 
categories

Small (<6000 bp) Serotype 36 0 (0 %) 36 (100 %)

Subpopulation 94 11 (11.7 %) 83 (88.3 %)

Intermediate (≥6000 bp, <100000 bp) Serotype 37 0 (0 %) 37 (100 %)

Subpopulation 103 20 (19.4 %) 83 (80.6 %)

Large (≥100000 bp) Serotype 34 1 (2.9 %) 33 (97.1 %)

Subpopulation 77 11 (14.3 %) 66 (85.7 %)

*Approximate average sizes for Col/Inc plasmid groups were determined using Carattoli et al. [19] (as detailed in the the Methods section).

Fig. 4. General trends found in the data during the period between 
2006 and 2017. (i) The presence of different AARGs sets conferring 
resistance to ampicillin, streptomycin, sulfonamides, tetracycline and 
chloramphenicol (i.e. ACSSuT; purple) or without chloramphenicol 
(i.e. ASSuT; yellow) (see text for additional details) (upper inset). The 
number of genes detected is indicated on the right. (ii) The presence of 
selected acquired antimicrobial resistance genes (AARGs) conferring 
resistance to ESCs (brown) or quinolones (pink) (middle inset). The 
number of genes detected is indicated on the right. (iii) The number of 
available whole- genome sequences (as raw reads) of NTS isolates in 
the NCBI SRA (lower inset).
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subpopulations, which may pose a risk to public health. Plas-
mids play an important role in horizontal transmission of 
genetic material, which may also include AARGs, between 
isolates [20, 43]. When subtyping sequences by serotypes, 
all serotypes were found to harbour plasmids. However, 
subtyping by genetic subpopulations revealed that not all 
genetic subpopulations within a certain serotype were equally 
likely to harbour plasmids or to harbour plasmids of a specific 
size category (e.g. only 73 % of the subpopulations harboured 
large plasmids). Conjugation, the main mechanism for hori-
zontal transmission of plasmids, requires the presence of both 
mobility (MOB) and mating pair formation (MPF) complexes 
that involve multiple genes [43, 44]. In the presence of the 
MOB complex only, plasmids may be mobilized (horizon-
tally) by using MPF (from another plasmid) or another 
genetic element present in the host cell [44]. Furthermore, 
Smillie et al. [44] estimated that mobilizable plasmids (the 
size distribution of mobilizable plasmids peaked at 5 kbp 
with an additional secondary peak at around 150 kbp) were 
generally smaller than conjugable plasmids (average size of 
approximately 100 kbp). We found that in 11.7 and 19.4 % of 
the genetic subpopulations only small and intermediate plas-
mids were found, respectively. This finding may suggest that 
in these genetic subpopulations horizontal transmission may 
be limited as, even though plasmids may have the potential 
to be mobilized horizontally, in certain cases, especially for 
small plasmids, this ability may be limited due to the lack of 
MPF complexes in the host bacterial cells.

With the constant increase in antimicrobial resistance over 
time and the predictions for further increases in the future, 
the importance of reserving efficient antimicrobials is further 
aggravated [45]. We found a relatively high number of 
sequences encoding the blaCMY-2 (n=1348), a gene commonly 
found in ESC- resistant NTS isolates from multiple sources 
in the USA [46–48]. blaCTX- M genes, which were previously 
rarely found in the USA [49], were identified in 249 sequences 
(1.36 %) here. Similarly, qnr genes were rarely found in the 
USA before 2007 [50], but their presence has been increasing 
in recent years [51] and 364 sequences (1.99 %) harboured 
these genes. In addition, based on the percentage of sequences 
in which AARGs linked to quinolones and ESCs were found, 
we estimated that at least 55 and 4 % of the subpopulations 
could be a source for the dissemination of AARGs conferring 
resistance to quinolones and ESCs, respectively, assuming 
that these genes are still harboured by plasmids and were not 
incorporated in the bacterial chromosome.

In the historic S. Typhimurium DT-104, phenotypic resist-
ance to ACSSuT was conferred by the genes blaCARB-2 
(formerly named blaPSE-1), floR, aadA2, sul1 and tetG, 
respectively [31]. These were localized on a 13 kb multidrug 
resistance region on Salmonella genomic island (SGI)-1 [52]. 
In the recently emerging S. 4,[5],12:i:- ST34, a similar resist-
ance profile, excluding the resistance to chloramphenicol 
(ASSuT), was conferred by the genes blaTEM- 1B, strA and 
strB, sul2 and tetB, respectively [32, 33]. The resistance 
array that includes this cassette of genes was previously 
described as RR3 [53] and was found in a large data set of  

S. 4,[5],12:i:- ST34 sequences from Europe and the USA [32]. 
Our findings here suggest that the gene cassettes conferring 
the ACSSuT and ASSuT phenotypic profiles can be found in 
multiple genetic subpopulations of several NTS serotypes. 
The dissemination of these genetic resistance determinants 
between serotypes may be attributed to recent insertions of 
mobile transposons, as suggested by Petrovska et al. [33], and 
may also reflect the risk of plasmid dissemination among 
Enterobacteriaceae [54]. However, insertion of integrative and 
conjugative elements (ICEs) [55] in the bacterial chromosome 
and vertical transmission of genes cassettes between evolving 
serotypes with/without partial loss of genes may serve as an 
alternative hypothesis of ancestral origin for the dissemina-
tion of the resistance gene cassettes in NTS. Moreover, the 
higher frequency of detection of genes conferring resistance 
to ASSuT in comparison to genes conferring ACCSuT over 
the study period may suggest that the former provides an 
evolutionary advantage for isolates harbouring it.

The inherent bias caused by the increasing availability of 
sequencing data over time might have influenced the observed 
trends in detection of certain genetic components, such as 
plasmids. However, the increase of qnr genes in sequenced 
isolates is likely to represent a true rise in their frequency, as 
reflected by the increase in genotypic and phenotypic resist-
ance to quinolones in NTS in the USA in recent years that was 
described in a National Antimicrobial Resistance Monitoring 
System for Enteric Bacteria (NARMS) report [51]. Potential 
additional biases of a study such as this, relying on publicly 
available data submitted to the NCBI, would be the over- 
representation of specific sources that could be a result of: 
(a) the nature of the data submitted to NCBI, representing 
more clinical cases of human and samples from poultry than 
other sources; and/or (b) the submission of multiple samples 
with the same or an epidemiologically linked origin, as may 
occur during an outbreak. However, the approach taken here 
included removal of sequences with genetically identical core 
genomes (duplicates) and therefore such cases are less likely to 
affect the outputs of this analysis. In addition, the majority of 
the duplicates found in this study belonged to S. Enteritidis, 
which may be a consequence of the low genetic variability 
within this serotype, as demonstrated here and elsewhere [8].

In conclusion, we performed a large- scale analysis of multiple 
NTS serotypes with a public health impact and demonstrated 
the usefulness of using WGS to reconstruct phylogeny trees 
for isolate subtyping. As opposed to using WGS in small- scale 
analyses for outbreak investigations (as reviewed by Tang et 
al. [6]), here we aimed to provide a broad view on multiple 
serotypes with a public health impact and the study outputs 
may establish the basis for further focused analyses of specific 
emerging genetic subpopulations and/or genetic subpopu-
lations demonstrating higher risk for antimicrobial resist-
ance spread. Identifying these genetic subpopulations and 
understanding their epidemiology may contribute to efforts 
invested in the prevention and mitigation of these important 
foodborne pathogens. Moreover, the outcomes of the analysis 
here may help in the identification of potential sources/
potential risk due to the carriage of resistance determinants 
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of future Salmonella outbreaks in the USA based on genetic 
similarity to certain genetic subpopulations.
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