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Antimicrobial resistance (AMR) monitoring in animals is performed in commensal Escherichia coli, and other
microorganisms relevant for human or veterinary health. Due to advances in the field and major reductions in
cost, it is expected that whole-genome sequencing (WGS)-based antimicrobial susceptibility testing (AST) will
(partly) replace culture-based AST. So far, no studies have been performed without using culture-based AST as
the gold standard. Our aim was to use Bayesian latent class analysis to evaluate the accuracy of susceptibility
testing of commensal E. coli by WGS-based AST versus culture-based AST as this test does not assume a gold
standard. OpenBUGS was used to model two independent tests in three animal populations (N = 150, 50 bac
terial isolates per population): veal calves, pigs, and broilers. This resulted in the first estimation of sensitivity
and specificity of WGS-based AST versus culture-based AST to detect AMR without a gold standard. Both
methods had high sensitivity (>0.92, lowest limit probability interval: 0.76) and specificity was generally high
for both methods for all antimicrobial classes except for aminoglycosides and macrolides. We compared WGS
results for different length and identity settings (%) of gene alignment and found few differences between the 60/
90, 90/90 and 95/95 settings. We recommend to further investigate sensitivity and specificity of WGS-based AST
by means of latent class analysis, especially for low-prevalent resistance.

1. Introduction
As part of global efforts to control antimicrobial resistance (AMR)
(O’Neill, 2016), monitoring AMR in animals is performed in sentinel
organisms such as commensal Escherichia coli (Frimodt-Moller, 2004;
EFSA et al., 2019). Currently, this is mostly done with culture-based
antimicrobial susceptibility testing (AST) method broth microdilution,
determining minimum inhibitory concentrations (MIC) for pre-defined
panels of antimicrobials. Epidemiological cut-off values (ECOFFs) or
clinical breakpoints are used to determine if bacterial isolates have
non-wildtype susceptibility or resistance, respectively. Recently,
whole-genome sequencing (WGS) is becoming more widely available for
routine AMR monitoring, and it is the expectation that WGS will mostly
replace culture-based phenotypic typing in the future (Ellington et al.,
2017). This paper aims to determine the validity of WGS for AMR

monitoring purposes in the commensal indicator organism E. coli.
In the European Union, AMR monitoring in food-borne pathogens
and indicator organisms from food animals is mandatory by EU legis
lation (2013/652/EU), and prescribed by guidelines of the European
Food Safety Authority (EFSA, 2012). As part of the recently revised EFSA
guidelines (EFSA et al., 2019), WGS is implemented for monitoring of
Extended Spectrum Beta-Lactamase producing E. coli in European
member states from 2021 onwards as a first step towards the transfer to
WGS-based AMR monitoring. Many studies have shown that WGS per
forms well in identifying acquired resistance genes and point mutations
that lead to phenotypic resistance (McDermott et al., 2016; Shelburne
et al., 2017; Hendriksen et al., 2019; Bortolaia et al., 2020; Mahfouz
et al., 2020). Next to information on AMR genes, WGS provides addi
tional information, which is considered to enhance AMR monitoring
(McDermott et al., 2016; Hendriksen et al., 2019). WGS elucidates the
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genetic relatedness of resistant strains, as well as information on viru
lence factors, and potentially the genetic link between AMR genes and
mobile genetic elements. When these are linked, resistance genes can
spread among bacteria, for example from commensal organism E. coli to
veterinary pathogens. Therefore, information on virulence and genetic
links with mobile genetic elements is relevant from a public health
perspective, for zoonotic potential, and for (veterinary) clinical interest.
Furthermore, WGS has other advantages over culture-based antimicro
bial susceptibility typing: the potential to store sequence data indefi
nitely, data is easier to share with other laboratories and stakeholders,
and it solves the lack of reproducibility across different laboratories
described for broth microdilution (Bortolaia et al., 2020).
So far, no studies have been performed without culture-based sus
ceptibility testing as the gold standard (Mahfouz et al., 2020). Most
existing studies focus on estimating the concordance of WGS-based AST
to culture-based AST (Hendriksen et al., 2019), in which an objectivity
bias may exist when comparing sensitivity and specificity of WGS-based
AST to these other methods. Bayesian latent class analysis enables the
estimation of sensitivity and specificity of diagnostic tests without a gold
standard (Johnson et al., 2019). The purpose of this work is to use
Bayesian latent class analysis to evaluate the sensitivity and specificity
of WGS-based AST and culture-based AST to test commensal E. coli.

analysis, test results of ResFinder default settings for length/identity 60/
90 were used, and cross-classified with the culture-based AST results,
since the aim was to evaluate WGS-based AST for routine AMR moni
toring purposes. To further investigate discordant results, the WGSbased AST results of the other length/identity settings summarized in
Table 2 were scrutinized.
2.3. Antimicrobial susceptibility testing: culture-based
Culture-based AST for AMR monitoring in E. coli was performed
using the broth micro-dilution reference method according to ISO
standards (ISO 20776− 1) with a fixed panel of antimicrobials relevant
to human healthcare according to EU legislation and European Food
Safety Authority (EFSA) guidelines (Sensititre, EUVSEC antimicrobial
panel). This was performed within the EFFORT project (Ceccarelli et al.,
2020). The terms ‘resistant’ and ‘resistance’ in this study refer to
non-wild type susceptibility, based on epidemiological cut-off (ECOFF)
values as defined by the European Committee on Antimicrobial Sus
ceptibility Testing (EUCAST, 2019). Singular culture-based AST results
were used in this latent class analysis. For a set of isolates with discor
dant results between culture-based AST and WGS-based AST,
culture-based AST was repeated to verify the results, and identify
possible explanations for discordance of the WGS-based AST results.

2. Methods
2.1. Sample collection

2.4. Bayesian latent class analysis

Included in the analysis were 150 commensal E. coli isolates collected
on broiler, pig, and veal calf farms in the Netherlands in the EFFORT
project (EFFORT, 2020) from October 2014 to December 2015, 10 iso
lates from five farms for each animal population (Ceccarelli et al., 2020).
To include the diversity of the Dutch livestock sector in the sample, the
farms in EFFORT were selected by different levels of antimicrobial use
on farms (low to high). Faecal isolates from individual animals were
randomly collected on these farms. It was part of the EFFORT sampling
protocols that all animals should be sampled as close to slaughter age as
possible. The EFFORT sampling protocols are described extensively in
the Supplementary material of Munk et al. (2018).

Counts of positive and negative isolates for resistance by WGS-based
AST and culture-based AST were cross-classified in tables, per antimi
crobial class (Supplementary Table S1). Latent class analysis was per
formed in OpenBUGS software (version 3.2.3, download September
2020). Based on the difference between the two test methodologies, it
was assumed the two tests were conditionally independent. Culturebased AST detects expression of resistance genes by culturing in broth
while WGS detects resistance genes in the bacterial genome. A model
was used comparing two independent tests in three animal populations
(50 isolates for each animal population) that differed in expected
prevalence of AMR. Code for the OpenBUGS model was adapted from a
previous publication (Johnson et al., 2019). In all models, 1000 itera
tions were used as burn-in and discarded, and summary statistics were
based on the next 10,000 iterations. Convergence of each model was
assessed by standard diagnostic procedure for latent class analysis
(Benedict et al., 2014).

2.2. Antimicrobial susceptibility testing: WGS-based
From the 150 randomly isolated E. coli strains, bacterial DNA was
isolated using the Qiagen Pure Gene kit, sequencing libraries were
prepared using the Illumina TruSeq kit and sequenced with Illumina
HiSeq. The average genome coverage resulted between 48.4–301 times
coverage. Raw sequence data have been deposited at ENA, a list of
accession numbers (EFFORT ID) is available in Supplementary Table S2.
High-quality trimmed reads (BBmap, version 38.87 (2020)) were
assembled using Unicycler (version 0.4.5) and screened for resistance
genes using ResFinder 3.0 and PointFinder (Bortolaia et al., 2020) on a
local Linux server (databases downloaded April 2020). Isolates were
considered resistant by WGS-based AST conform the ResFinder 3.0 and
Pointfinder definitions of resistance genes that encode resistance to
specific antimicrobial classes (Bortolaia et al., 2020). Results were
compared between all resistance genes belonging to the class amino
glycosides as positive for WGS-based AST, versus only the two genes that
encode gentamicin resistance (aac(3′ )-IId and aac(3′ )-IV), to show the
effect on sensitivity and specificity. Similarly, phenotypical azi
thromycin resistance was compared to detection of only azithromycin
resistance genes (mph(A)) versus the complete class of resistance genes
for macrolides.
WGS-based AST results were compared for different settings of gene
alignment to the ResFinder 3.0 database of length and identity of the
resistance genes: length 60 % and identity 90 %, length 90 % and
identity 90 %, length 95 % and identity 95 %, length 99 % and identity
99 %, and length 100 % and identity 100 % (Table 2). For the latent class

2.5. Prior probability distributions
The prior probability distributions of resistance prevalence in the
three animal populations were based on data from the Dutch National
monitoring program (MARAN) in which culture-based AST is performed
(MARAN et al., 2016). The dataset of MARAN is large (300 commensal
E. coli isolates per animal species/year) and consists of isolates from
random samples of animals at slaughter. Given that sample selection
differed for MARAN (random representative) and our samples (10
random animals in five selected herds), weak-informative priors for
resistance prevalence were used similar to the methodology of Benedict
et al. (2014). The priors were based on the MARAN data of 2015
(MARAN et al., 2016) for each antimicrobial class in broilers, veal
calves, and pigs. Beta distributions (Table 1) were calculated with
Betabuster 1.0 freely available software (Betabuster 1.0, accessed
September 2020). For sensitivity and specificity of both tests,
weak-informative priors for culture-based AST in E. coli (Table 1) were
used from Benedict et al. (2014). In a sensitivity analysis, model results
were compared with a non-informative, uniform prior distributions
(Beta(1,1)) for sensitivity and specificity.
2
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3. Results

Table 1
Prior probability distributions for prevalence of antimicrobial resistance and for
sensitivity and specificity of culture-based antimicrobial susceptibility testing by
broth microdilution (culture-based AST) and whole-genome sequenced based
AST to detect antimicrobial resistance in livestock.
Beta distribution
parameters (a, b)

Mode
(%)

95 % PIa

(1.2, 25.7)

1.0

0.2-15

(1.2, 25.7)
(3.0, 50.1)

1.0
4.0

0.2-15
1.2-13

(14.0, 60.0)

19.0

11-30

(22.6, 53.8)
(2.8, 2.6)

29.0
53.0

20-40
15-88

(5.9, 38.4)

11.5

5-24.5

(3.7, 26.6)
(5.2, 34.9)

9.4
11.0

3-26
4.6-25

(3.4, 17.7)

12.7

4-34

(5.4, 8.9)
(3.5, 4.5)

35.9
41.5

16-63
14-76

(1.0, 21.85)

0.0

0-15

(1.25, 25.7)
(1.85, 34.5)

1.0
2.5

0.2-15
0.5-14

(2.9, 27.8)

6.7

2-22

(1.1, 13.0)
(47.3, 60.0)

0.7
44.0

0.3-25
34-54

(19.0, 60.2)

23.3

15-34

(8.0, 11.3)
(4.5,4.9)

40.3
47.0

21-63
19-77

(10.2, 14.2)

41.0

23-61

(6.4, 7.5)
(27.4, 48.4)

45.3
35.8

22-71
26-47

Sensitivity
Specificity

(4.8, 1.2)
(4.8, 1.2)

83.3
83.3

43.1–99.0
43.1–99.0

Sensitivity
Specificity

(4.8, 1.2)
(4.8, 1.2)

83.3
83.3

43.1–99.0
43.1–99.0

Antimicrobial class
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers
Veal
calves
Pigs
Broilers

Gentamicin /
Aminoglycosides
Beta-lactams
(ampicillin)

Phenicols

Trimethoprim

Azithromycin /
Macrolides

Quinolones

Sulfonamides

Tetracyclines
Culture-based
AST (broth
microdilution)
Whole-genome
sequenced based AST
a

In this study a latent class model was used to determine the sensi
tivity and specificity of WGS-based AST versus culture-based AST
without a gold standard. Convergence of the latent class model was
good, based on history and auto-correlation plots (examples for genta
micin, beta-lactams and phenicols presented in Supplementary
Figure S1). Model results showed that, in this data, the sensitivity and
specificity of WGS-based AST and culture-based AST were similar. This
corresponded to the cross-classified test outcomes of WGS-based AST
and culture-based AST, in which relatively few differences were found
(Supplementary Table S1). For tetracyclines, test results were identical
for WGS-based AST and culture-based AST. For the other antimicrobial
classes, only a small number of isolates (n = 13) were found to be
discordant between the two tests (Table 4, Table S1). Discordance was
much higher for the complete classes of aminoglycosides and macrolides
if all genes which encode resistance to any aminoglycoside or macrolide
were considered as positive for resistance (Table S1).
Results of the comparison of WGS-AST methodology regarding
different settings for the gene alignment are presented in Table 2. The
differences between the settings 60/90, 90/90, and 95/95 were few
(Table 2). The highest number of resistant isolates (both with culturebased AST and WGS-based AST with length/ID: 60/90 respectively)
were found for tetracyclines (n = 94, n = 94), sulfonamides (n = 74,
n = 75), trimethoprim (n = 64, n = 67) and beta-lactams (n = 76,
n = 77) (Table 2). Lower numbers of resistant isolates were identified for
quinolones (n = 22, n = 23) (Table 2). Resistance for gentamicin (n = 2,
n = 1) and azithromycin (n = 3, n = 3) was rarely detected (Table 2).
Overall, the difference between culture-based AST and WGS-based AST
(length/ID: 60/90) was small (Table 2). The difference remained small
with more strict settings, but substantially increased when using the
100/100 settings (Table 2).
Regarding the latent class analysis results as shown in Table 3,
estimated prevalence was low for gentamicin with 1%, 2% and 2% in
veal calves, pigs, and broilers, respectively. Azithromycin resistance
amounted 5%, 2% and 2% in veal calves, pigs, and broilers, respectively
(Table 3). For sulfonamides, prevalence was moderate in veal calves (26
%) and low in pigs (6%) and broilers (4%) (Table 3). For both culturebased AST and WGS-based AST, the sensitivity and specificity for most
antimicrobial classes was high, with the exception of sensitivity of the
complete class of aminoglycosides and gentamicin, and the complete
class of macrolides and azithromycin (Table 3). For all other antimi
crobial classes, the sensitivity was >0.92 (lowest probability interval
limit: 0.76) and the specificity was generally high for both WGS-based
AST and culture-based AST (Table 3).
In case of discordant results, culture-based AST was repeated
(Table 4). For most isolates (n = 10), resistance found was identical to
the first test, with exception of three isolates. Isolates initially tested
resistant for gentamicin (n = 2) or azithromycin (n = 1) were found
susceptible after repeating the test (Table 4). These results were then
concordant with WGS-based AST.
Scrutinizing the other length/identity settings of the WGS-based AST
results clarified more discordant results (Tables 2, 4). For phenicols, for
example, one catA1 gene was not detected with higher length/identity
setting i.e. 90/90 (Table 2). Another discordant isolate with a floR gene
was still found positive for this gene with a setting of 95/95, but not
anymore with settings of 99/99. For trimethoprim resistance, resistance
genes in the three discordant isolates were not found with length/
identity of 100/100, corresponding with the repeated culture-based AST
(Table 2). The isolate with a aac(3′ )IId gene was detected with 60/90 but
not detected with the 90/90 alignment setting (Tables 2, 4).

Probability interval.

Table 2
Results of culture-based antimicrobial susceptibility testing (AST) by broth
microdilution versus different gene alignment settings for whole-genome
sequenced based AST to detect antimicrobial resistance in livestock (N = 150).
Antimicrobial
class

MICa

60/
90b

90/
90c

95/
95d

99/
99e

100/
100f

Gentamicin
Beta-lactams
Phenicols
Trimethoprim
Azithromycin
Quinolones
Sulfonamides
Tetracyclines

2
76
22
64
3
22
74
94

1
77
22
67
3
23
75
94

0
76
21
67
3
23
75
94

0
76
21
67
3
23
75
94

0
75
14
67
3
19
73
94

0
66
0
18
3
2
70
79

a
Number of isolates found resistant by broth microdilution (MIC) out of a
total of 150 isolates.
b
Number of isolates found resistant by WGS (N = 150) with length/identity
setting 60/90 % for the alignment.
c
Number of isolates found resistant by WGS (N = 150) with length/identity
setting 90/90 %.
d
Number of isolates found resistant by WGS (N = 150) with length/identity
setting 95/95 %.
e
Number of isolates found resistant by WGS (N = 150) with length/identity
setting 99/99 %.
f
Number of isolates found resistant by WGS (N = 150) with length/identity
setting 100/100 %.

4. Discussion
The purpose of this study was to evaluate the sensitivity and speci
ficity of WGS-based AST versus culture-based AST to monitor AMR in
3
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Table 3
Latent class analysis estimates (median and 95 % probability interval) for sensitivity and specificity of culture-based antimicrobial susceptibility testing (AST) versus
whole-genome sequenced based AST to detect antimicrobial resistance in veal calves (n = 50), pigs (n = 50) and broilers (n = 50).
Antimicrobial class
Gentamicin
Aminoglycosides
Beta-lactams (ampicillin)
Phenicols
Trimethoprim
Azithromycin
Macrolides
Quinolones
Sulfonamides
Tetracyclines
a
b
c

Prevalencea

Sensitivityb

Specificityc

Veal calves

Pigs

Broilers

Culture-based AST

WGS- based AST

Culture-based AST

WGS- based AST

0.01
0.02
0.34
0.45
0.08
0.03
0.03
0.38
0.25
0.70

0.02
0.03
0.29
0.24
0.03
0.04
0.02
0.34
0.08
0.55

0.03
0.03
0.67
0.53
0.41
0.04
0.02
0.55
0.08
0.40

0.77 (0.36−
0.73 (0.29−
0.99 (0.94−
0.92 (0.76−
0.97 (0.90−
0.84 (0.43−
0.77 (0.36−
0.96 (0.84−
0.98 (0.94−
0.99 (0.96−

0.76 (0.35−
0.79 (0.40−
0.99 (0.95−
0.92 (0.76−
0.99 (0.94−
0.83 (0.44−
0.88 (0.54−
0.97 (0.86−
0.99 (0.95−
0.99 (0.96−

0.98 (0.95−
0.99 (0.96−
0.99 (0.95−
0.99 (0.95−
0.99 (0.95−
0.83 (0.43−
0.99 (0.95−
0.99 (0.97−
0.99 (0.95−
0.98 (0.93−

0.99 (0.97−
0.46 (0.38−
0.98 (0.93−
0.99 (0.95−
0.97 (0.92−
0.83 (0.43−
0.07 (0.04−
0.99 (0.96−
0.99 (0.94−
0.98 (0.93−

0.98)
0.98)
1.00)
0.99)
1.00)
0.99)
0.99)
1.00)
1.00)
1.00)

1.00)
0.98)
1.00)
0.99)
1.00)
0.99)
0.99)
1.00)
1.00)
1.00)

1.00)
1.00)
1.00)
1.00)
1.00)
0.99)
1.00)
1.00)
0.99)
1.00)

1.00)
0.54)
1.00)
1.00)
1.00)
1.00)
0.12)
1.00)
1.00)
1.00)

Median for estimated prevalence.
Median for sensitivity, the 95 % probability intervals are listed in parenthesis.
Median for specificity, the 95 % probability intervals are listed in parenthesis.

Table 4
Discordant isolates (n = 13) in results of broth microdilution (culture-based AST) versus whole-genome sequenced based AST to detect antimicrobial resistance in
livestock.
Antimicrobial class

Antimicrobial

Isolate ID

MICa

Repeated MIC

ECOFF

Resistance gene

Aminoglycosides

Gentamicin
Ampicillin
Chloramphenicol

Trimethoprim

Trimethoprim

Macrolides

Azithromycin

Quinolones
Sulfonamides

Ciprofloxacin
Sulfamethoxazole

4
8
1
2
32
32
8
8
0.5
0.25
0.25
8
128
0.015
8

1
2
0.5
2
32
32
8
8
0.5
0.25
0.25
8
8
0.015
8

2

Beta-lactams
Phenicols

100302010
101702014
103003004
110704022
110004010
110004014
110504004
111604014
110504004
111604014
111804010
110504020
102702012
102302012
111604014

None for gentamicin
None for gentamicin
aac(3′ )-IId
blaTEM-1C
None for phenicols
None for phenicols
catA1
floR
dfrA1
dfrA1
dfrA7
mph(A), mph(B)
None for azithromycin
parC p.A56T
sul1, sul2

a

8
16

2
16
2
16

Minimum inhibitory concentration (MIC) determined by broth microdilution (culture-based AST).

livestock, without a gold standard, by means of latent class analysis. The
estimated sensitivity and specificity across antimicrobial classes are
similar for WGS-based AST and culture-based AST. The latent class
analysis allowed the test validity of both tests to be determined relative
to the latent class, the true resistance for antimicrobials.

4.2. Advantages and disadvantages of culture-based AST and WGS-based
AST
The advantage of culture-based AST is that the phenotype is
measured (Ellington et al., 2017) as a cumulative result of all resistance
mechanisms present in a bacterial cell. For example, less specific resis
tance mechanisms like efflux pumps leading to resistance to multiple
antimicrobial classes (Swick et al., 2011). A limitation of broth micro
dilution is the lack of reproducibility of end-point-reading (Bortolaia
et al., 2020; Mahfouz et al., 2020).
In WGS-based AST, the database used determines the outcomes, and
defines strains resistant versus susceptible. The choice of database may
influence the sensitivity and specificity of WGS-based AST (Mahfouz
et al., 2020). We used ResFinder 3.0, considering it is well curated and
performs well compared to other resistance databases (Hendriksen et al.,
2019; Mahfouz et al., 2020). The results presented here and previously
by McDermott et al. (2016) show that sensitivity and specificity of
WGS-based AST versus culture-based AST is mostly antimicrobial class
specific and not so much database specific. Therefore, we expect that
re-analysis using for instance ResFinder 4.0 or CARD will not result in
major differences in the estimated sensitivity and specificity of
WGS-based AST.
The comparison of the aminoglycoside and macrolide antimicrobial
classes illustrates the importance of the definition of specific resistance
phenotypes of AMR genes in the interpretation of WGS-based AST.
Aminoglycosides are represented in culture-based AST by gentamicin
but many aminoglycoside resistance genes do not lead to gentamicin

4.1. Test validity
For some antimicrobial classes, the sensitivity of WGS-based AST is
slightly higher than of culture-based AST, although probability intervals
overlap (Table 3). Also, there is some indication that the overall speci
ficity of WGS-based AST is lower than of culture-based AST, but these
probability intervals also overlap, indicating that the specificity of both
methods is similar. Few differences were found in the outcomes between
the two methods, resulting in low numbers of discordant isolates. The
finding that WGS-based AST performs at least as well as culture-based
AST is in line with previous studies using WGS-based AST as the gold
standard. The review paper of Hendriksen et al. (2019) includes an
overview of WGS-based AST versus culture-based AST comparisons,
showing that many studies report high concordance of WGS-based AST
and culture-based AST. A study by McDermott et al. (2016) in Salmo
nella from retail meat reached similar conclusions as this study,
reporting high sensitivity and specificity for WGS-based AST.
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resistance, potentially leading to a high number of false-positive results
when this distinction is not made (specificity of WGS: 0.46, Table 3).
Similarly for macrolides, the efflux pump encoding gene, mdfA (Edgar
and Bibi, 1997) does not always lead to phenotypic azithromycin
resistance, resulting in a high number of false positives (specificity of
WGS: 0.07, Table 3).

which potentially affects the accuracy of the sensitivity and specificity
estimates. Others investigated the impact of breaching the prevalence
assumption and found that for tests with high sensitivity or specificity
this was of little influence (Toft et al., 2005).
The sample size in our study was relatively small (10 isolates from
five farms) and resistance prevalence was low for some antimicrobial
classes. Latent class analyses can deal with such limitations as long as
there are sufficient degrees of freedom to estimate the posterior distri
butions of the parameters (Johnson et al., 2019). The models for the
different antimicrobials all converged fairly rapidly (Supplementary
Figure S1). This is presumably because an important requirement for test
validation was met: all results were generated in the same laboratory
with experienced staff and a high level of standardization. To improve
external validity, it is advised to repeat this analysis with more, and
preferably less clustered data.

4.3. Explanation of discordant results
For almost all discordant results, we identified the cause of the
mismatch. Some isolates were found resistant to culture-based AST,
without detection of specific resistance mechanisms by WGS-based AST
(Table 4). In three cases the causes were ‘skips’ or other issues with
reproducibility of MICs, resulting in a match between culture-based and
WGS-based AST after repeating the MIC. The test results repetitively
susceptible to culture-based AST despite being resistant by WGS-based
AST (Tables 4, and S1) are partly explained by the relatively low
length/ID settings of 60/90 used for ResFinder (Table 2). Genes could
have mutations, and may therefore not be expressed as phenotypic
resistance (Bortolaia et al., 2019). In a systematic review, Mahfouz et al.
(2020) discuss that it may be advisable to revise the default settings for
ResFinder of 60/90 length/identity. In our data, only minor differences
were found between the 60/90, 90/90 and 95/95 settings (Table 2). In
general, the 60/90 setting seems well suited for routine AMR moni
toring, although in some cases resistance genes are identified which do
not lead to phenotypic expression (Table 2). Using higher-length settings
then prevents a false-negative result. AMR genes can also be detected in
raw sequence data instead of assemblies, it is expected this will not in
fluence the estimated sensitivity and specificity.
For some discordant isolates we found a very low sequence depth as
the cause, possibly due to contamination or spill-over between multi
plexed samples. The standard depth-filter of Unicycler is 25 % sequence
depth compared to the chromosomal sequence depth, but this was
turned off for these assemblies, as some plasmid encoded resistance
genes were previously missed due to this depth-filter. For routine AMR
monitoring, a setting between 10 and 25 % is advisable, to prevent falsepositive findings.
Two phenicol resistant isolates in veal calves are rare examples for
which we did not find an explanation for the difference in test outcomes
(Table 4). This may be the rare situation where the detected phenotype
concerns new (variations of) resistance genes, or results could be
different using a different database.

4.5. Conclusions for AMR monitoring purposes
From the results of this Bayesian latent class analysis, we conclude
that WGS-based AST is just as suitable for monitoring AMR in livestock
as culture-based AST. Our findings highlighted some genetic variation of
resistance genes and their phenotypic expression, compared to tradi
tional AMR monitoring generated by culture-based AST. This can be of
aid in future interpretation, when WGS will be further implemented to
monitor AMR in livestock.
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