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Extended-spectrum beta-lactamase (ESBL) genes confer resistance to extended-spectrum cephalosporins. Genomic analysis
tools may report differing results due to distinct databases and detection rules. This study compared CARD/RGI, ResFinder,
and current BV-BRC Comprehensive Genome Analysis using the same set of Escherichia coli genomes and the reconstructed
sequence-level ESBL reference. One hundred study rows were examined. Complete assembly-level genomic FASTA files
were available for 99 rows. Study row 3 remained Unresolved because a complete assembly FASTA was unavailable and was
excluded from binary agreement calculations. A genome was classified as Positive only when sequence evidence supported a
specific recognized ESBL allele and an intact open reading frame. CARD/RGI retained Perfect and Strict hits, ResFinder used
90% identity and 60% minimum coverage using acquired-gene output, and BV-BRC used gene-level AMR/Specialty Gene
evidence. There were 19 Positive genomes, 80 Negative genomes, and 1 Unresolved genome. CARD/RGI, ResFinder, and
current BV-BRC matched the reconstructed reference for all 99 eligible rows. Positive percent agreement (PPA) was 100.00%
(95% exact CI, 82.35% to 100.00%), negative percent agreement (NPA) was 100.00% (95% exact CI, 95.49% to 100.00%),
overall percent agreement (OPA) was 100.00% (95% exact CI, 96.34% to 100.00%), and Cohen kappa was 1.000. All 19
Positive rows had matching qualifying allele sets across the reference and three workflows. The workflows agreed under the
study’s defined sequence-based rules. These findings do not establish phenotypic accuracy, biological ground truth, or clinical
validity.
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Introduction

Antimicrobial resistance (AMR) is a major global health prob-
lem that reduces the effectiveness of commonly used antibi-
otics. In 2021, an estimated 1.14 million deaths were at-
tributable to bacterial AMR, while approximately 4.71 mil-
lion deaths were associated with it1. The burden of deaths
attributable to AMR is projected to increase by 20501. Es-
cherichia coli was among the leading bacterial contributors to
this global burden in 20192. Addressing this public health
problem requires reliable methods for identifying the genetic
determinants that contribute to resistance in these bacteria.

Extended-spectrum beta-lactamases (ESBLs) are enzymes
capable of hydrolyzing extended-spectrum cephalosporins,
which are critical for treating many infections3. The CTX-
M enzyme family has become especially prominent in E.
coli over recent years4. In contrast, the TEM and SHV en-
zyme families contain both ESBL variants and non-ESBL
variants5,6. Because of this mixed functional composition,
detecting only the blaTEM or blaSHV gene family name is
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not enough to classify a genome as Positive for an ESBL7,8.
A defensible sequence-level classification requires consider-
ation of the exact allele, its functional classification, and the
integrity of the open reading frame7,8.

Whole-genome sequencing can identify genetic determi-
nants associated with AMR. However, the final reported re-
sult depends on both the underlying genome sequence and the
computational workflow used to interpret it. Several factors
may affect the reported gene set, including database content,
reference sequence coverage, sequence identity requirements,
resistance models, nomenclature, and output interpretation
rules. For example, the Comprehensive Antibiotic Resistance
Database (CARD) pairs curated resistance models with the
Resistance Gene Identifier (RGI) prediction engine9–11. Res-
Finder relies on a curated database to identify acquired resis-
tance genes and supports genotype-based interpretation12–14.
AMRFinderPlus uses a curated reference gene catalog and is
represented in the current Bacterial and Viral Bioinformat-
ics Resource Center (BV-BRC) Specialty Gene evidence15–18.
The Pathosystems Resource Integration Center (PATRIC) is
relevant to this analysis only as the historical predecessor of
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BV-BRC and serves as provenance for the original project19.
Previous studies have compared AMR databases, analysis

methods, and phenotype predictions. Phenotype-linked ac-
curacy and sequence-level workflow agreement are different
research questions. Mahfouz et al. evaluated CARD and Res-
Finder using phenotype-related endpoints20. Hu et al. sim-
ilarly assessed the computational prediction of AMR pheno-
types21. Other inter-method studies have documented dis-
cordant resistance gene calls when different bioinformatics
pipelines analyzed shared sequence data22–25. Phenotype-
linked studies evaluate whether genomic findings predict
laboratory susceptibility measurements15,26–28. The NCBI
Prokaryotic Genome Annotation Pipeline applies curated an-
notation rules, which reduces the independence of a recon-
structed reference that relies solely on annotation evidence29.
To address this gap, further investigation is needed to deter-
mine row-level and allele-level agreement under one strictly
defined sequence-based classification rule.

In this study, we asked how closely three current workflows
agree when they receive the same complete assemblies and
are interpreted under the same explicit rule for ESBL alleles.
We compared the CARD/RGI workflow, ResFinder, and cur-
rent BV-BRC Comprehensive Genome Analysis with a recon-
structed sequence-level reference. Our primary expectation
was that agreement rates might differ among the workflows.
Secondary objectives were to compare normalized qualifying
allele sets, to preserve separate locus information, and to in-
vestigate six accessions that had appeared discordant histor-
ically. This comparison is strictly bounded by its sequence-
level scope. It does not evaluate phenotypic resistance, clinical
validity, or biological ground truth.

Methods

Research Design and Study Set

This was a retrospective, sequence-based study that evaluated
concordance rather than diagnostic accuracy. The original
fixed study set contained 100 Escherichia coli study rows,
where each study row served as the analytical unit. Accession
mapping was preserved for every row. The dataset was histor-
ically selected to include genomes with and without annotated
beta-lactamase findings. This dataset was not randomly sam-
pled and was not designed to estimate population prevalence.
The original GenBank search string and exact historical
download date were not preserved. The current reconstruction
and comparator analyses were completed in August 2026.
Supplementary Table S1 provides the accession, assembly,
and execution status for every study row.

Assembly Inputs and Eligibility
Assembly metadata and genome packages were reviewed to

determine eligibility. A complete assembly-level genomic
FASTA was recovered when available. Each comparator
received the same recovered assembly for a given study
row. Plasmids and additional replicons were included when
they were part of the assembly. A study row was technically
executable only if a complete assembly-level genomic FASTA
was available. A total of 99 rows met this requirement. For
study row 3, accession GCF 002853715.1, only a coding-
sequence FASTA was recovered. A coding-sequence FASTA
cannot establish the absence of a qualifying gene across
the complete assembly. As a result, study row 3 remained
Unresolved. It was not classified as Negative. This row
was excluded from binary agreement denominators, and no
imputation was performed for it.

Reconstructed Sequence-Level ESBL Reference

The reconstructed reference was defined before the revised
comparator agreement analysis. A study row was classified
as Positive only when a specific recognized ESBL allele was
identified, the allele was supported by the predefined func-
tional classification hierarchy, and the sequence evidence sup-
ported an intact open reading frame. A study row was clas-
sified as Negative only when a complete available assembly
was successfully screened and no qualifying ESBL allele was
identified. A row remained Unresolved when the complete as-
sembly sequence was unavailable, the exact allele could not
be determined, open reading frame integrity was uncertain, or
functional ESBL classification was uncertain. The TEM and
SHV enzyme families contain both ESBL and non-ESBL al-
leles4–8. Therefore, detection of only the blaTEM or blaSHV
family name did not qualify as ESBL Positive. Supplemen-
tary Table S1 contains row-level reference and eligibility in-
formation, and Supplementary Table S2 contains allele and in-
tegrity evidence. This reconstructed reference is a controlled
sequence-level classification. It is not an independent pheno-
type, biological ground truth, infallible gold standard, or clin-
ical resistance determination.

Comparator Workflows and Classification Rules

All three current comparators were executed before the agree-
ment calculations. For each technically executable study row,
the same recovered assembly was used for all three compara-
tors. Each comparator was reduced to the same sequence-level
classification categories. A qualifying ESBL allele produced a
Positive call. A successful analysis with no qualifying ESBL
allele produced a Negative call. A failed or ineligible analy-
sis remained Unresolved. Historical PATRIC calls were not
substituted for current BV-BRC results.

CARD/RGI, ResFinder, and BV-BRC were selected be-
cause they were the three named workflows in the original
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fixed project and could be compared using the same recovered
complete assemblies.

CARD/RGI was executed locally using RGI version 6.0.5
with CARD data version 4.0.19–11. The input type was
DNA/contig, and the dataset setting was whole genome.
NCBI BLAST+ version 2.16.0 and PYRODIGAL were
recorded as part of the execution environment. Perfect
and Strict hits were retained. Loose hits were excluded.
Nudged hits were excluded under the predefined rule.
JSON and tab-delimited outputs were retained. Relevant
preserved evidence fields included cut-off category, best
Antibiotic Resistance Ontology (ARO) hit, model type,
drug class, resistance mechanism, gene family, sequence
identity, reference-length coverage, predicted sequence, and
coordinates. ResFinder version 4.7.2 was executed with
the organism setting E. coli, a 90% identity threshold, and
a 60% minimum coverage threshold12–14. The acquired-
gene analysis type was used with database version 2.6.0 at
commit eecf0aa207594fe6d51badf808473de62b28cb06.
The acquired-gene result table,
ResFinder results tab.txt, controlled the clas-
sification. The phenotype-prediction output did not control
the classification. Allele and location evidence was retained
in the allele or reference, identity, coverage, contig, and
location fields.

The current BV-BRC Comprehensive Genome Analysis
workflow was used for the third comparator18. Submission
occurred through the official BV-BRC command-line inter-
face version 2.0.15 using the p3-submit-CGA command.
Input consisted of assembled contigs submitted with organ-
ism Escherichia coli, taxon identifier 562, domain Bacte-
ria, and genetic code 11. Gene-level AMR/Specialty Gene
evidence, specifically specialty-amrfinder.txt and
specialty-rgi.txt, controlled the ESBL classifica-
tion15–18. The per-antibiotic phenotype table did not control
the classification. Job identifiers and raw job folders were re-
tained. Supplementary Table S3 contains the exact settings
and inclusion rules.

Agreement and Allele-Level Analysis

The binary analysis denominator included only the 99 rows
with a Positive or Negative reconstructed reference and com-
pleted current comparator outputs. Study row 3 was excluded
because it remained Unresolved. Positive percent agreement
(PPA) was defined as the proportion of reference-Positive rows
classified as Positive by the tool. Negative percent agreement
(NPA) was defined as the proportion of reference-Negative
rows classified as Negative by the tool. Overall percent agree-
ment (OPA) was defined as the proportion of all eligible
rows with matching reference and tool classifications. Two-
sided 95% Clopper-Pearson exact binomial confidence inter-

vals were used for PPA, NPA, and OPA. Cohen’s kappa was
calculated as a secondary chance-corrected agreement esti-
mate. The same 99 eligible rows were used for pairwise
inter-comparator agreement. Exact McNemar testing was
considered for paired discordance. Because both discordant
cells were zero, the test was not informative. For the allele-
level analysis, qualifying allele names were normalized before
comparison. Exact allele-set concordance required equality of
the qualifying allele sets. Locus counts were preserved sepa-
rately. Two physical loci were not collapsed into one merely
because they contained the same allele.

Historical Provenance and Data Availability

Historical CARD, ResFinder, AMRFinderPlus, and PATRIC
calls were preserved as provenance only. These historical calls
were not used in current agreement calculations, and histori-
cal PATRIC calls were not substituted for current BV-BRC
results. The six-accession audit preserved the relationship be-
tween historical and current findings without overwriting his-
torical data. The supplementary workbook contains acces-
sions, assembly identifiers, reconstructed-reference classifi-
cations, current comparator classifications, qualifying alleles,
execution status, and unresolved reasons. The archive retained
the raw-output inventory paths, exact versions, job identifiers,
gene-level evidence, and SHA-256 checksums. Public se-
quence accessions remain available through NCBI.

Ethical Considerations

This study used publicly available bacterial genome sequence
data. It did not involve human participants, identifiable private
information, or vertebrate animals. Institutional review board
approval was not applicable.

Results

Reference Distribution and Eligibility

The original fixed study set contained 19 reconstructed-
reference Positive rows, 80 reconstructed-reference Negative
rows, and one Unresolved row. Study row 3, corresponding to
accession GCF 002853715.1, was the single Unresolved row.
The complete assembly-level genomic FASTA was unavail-
able for this accession. Only a coding-sequence FASTA was
recovered, which could not establish the absence of a qual-
ifying allele across the complete assembly. Therefore, the
coding-sequence FASTA was not substituted for the missing
complete assembly. Study row 3 was excluded without impu-
tation. Consequently, the binary denominator was 99 rather
than 100.
Three-Workflow Agreement
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The three current workflows were CARD/RGI, ResFinder,
and current BV-BRC Comprehensive Genome Analysis.
Each workflow produced the same binary classification as
the reconstructed sequence-level ESBL reference for ev-
ery eligible row. For each workflow, the counts were
19 tool-positive/reference-positive, 0 tool-positive/reference-
negative, 0 tool-negative/reference-positive, and 80 tool-
negative/reference-negative rows. Positive percent agreement
was 100.00% (95% exact CI, 82.35% to 100.00%), negative
percent agreement was 100.00% (95% exact CI, 95.49% to
100.00%), and overall percent agreement was 100.00% (95%
exact CI, 96.34% to 100.00%). Cohen’s kappa was 1.000, and
exact McNemar testing was not informative because both dis-
cordant cells were zero. Every inter-comparator pair agreed
on 99 of 99 eligible rows with a pairwise kappa of 1.000. The
positive percent agreement confidence interval was wider be-
cause its denominator was only 19. These findings are pre-
sented in Table 1 and Figure 1.

Figure. 1 Agreement estimates and confidence intervals. Each point
estimate was 100.00%. Intervals are two-sided 95% Clopper-Pearson
exact confidence intervals. The binary denominator was 99. Study
row 3 was excluded without imputation. The reconstructed reference
is sequence-based.

Six-Accession Historical Reconciliation

The six accessions that appeared discordant in the historical
analysis were study rows 1, 3, 9, 11, 22, and 50. The recov-
ered assemblies and the predefined allele-classification rule
were used for reconciliation. Study rows 1, 9, 11, 22, and
50 were executable and were classified as Negative across the
reconstructed reference and all three current workflows. None
of these five executable rows remained discordant. Study row
3 remained Unresolved because the complete assembly was
unavailable. These results are detailed in Figure 2 and Sup-
plementary Table S4.

Figure. 2 Row-matched workflow outcomes. The 80 Negative and
19 Positive rows were binary matches. The one Unresolved row was
study row 3. Row 3 was excluded from the 99-row binary denomina-
tor. No eligible row was discordant. The figure reports row-matched
outcomes, not diagnostic accuracy

Allele-Level Concordance

All 19 reference-Positive rows had exact normalized quali-
fying allele-set concordance. This concordance covered the
reconstructed reference, CARD/RGI, ResFinder, and current
BV-BRC. The 19 genomes produced 20 distinct allele-genome
observations. The specific counts were blaCTX-M-15 in eight
genomes, blaCTX-M-55 in five genomes, blaCTX-M-27 in
three genomes, blaCTX-M-14 in two genomes, blaCTX-M-1
in one genome, and blaCTX-M-64 in one genome. The 20
allele-genome observations came from 19 Positive genomes
because study row 67 contained both blaCTX-M-55 and
blaCTX-M-27. These two alleles were at distinct loci and
appeared in all three tool outputs. Furthermore, current BV-
BRC reported 21 qualifying loci. This occurred because study
row 84 contained two separate blaCTX-M-15 loci, resulting
in one Positive genome but two distinct BV-BRC loci. These
findings are summarized in Table 2 and Figure 3.

Figure. 3 Allele-genome and BV-BRC locus counts. Study row 84
produced the only difference between the two series.

4 | © The National High School Journal of Science 2026



Table 1 Revised agreement of current genomic workflows with the reconstructed sequence-level ESBL reference among 99 binary-eligible
genomes.

Workflow Counts* PPA (95% CI) NPA (95% CI) OPA (95% CI) Cohen’s kappa

CARD/RGI 19 / 0 / 0 / 80 100.00% (82.35% to
100.00%)

100.00% (95.49% to
100.00%)

100.00% (96.34% to
100.00%)

1.000

ResFinder 19 / 0 / 0 / 80 100.00% (82.35% to
100.00%)

100.00% (95.49% to
100.00%)

100.00% (96.34% to
100.00%)

1.000

Current BV-BRC CGA 19 / 0 / 0 / 80 100.00% (82.35% to
100.00%)

100.00% (95.49% to
100.00%)

100.00% (96.34% to
100.00%)

1.000

*Counts are ordered tool-positive/reference-positive, tool-positive/reference-negative, tool-negative/reference-positive, and tool-negative/reference-negative. PPA, positive percent
agreement; NPA, negative percent agreement; OPA, overall percent agreement; CI, confidence interval. Study row 3 was excluded because it remained Unresolved. These are
agreement measures, not sensitivity, specificity, or diagnostic accuracy.

Table 2 Qualifying ESBL allele distribution.
Allele Positive genomes Study rows Current BV-BRC loci

blaCTX-M-15 8 71, 73, 76, 78, 80, 83, 84, 94 9

blaCTX-M-55 5 67, 69, 70, 72, 77 5

blaCTX-M-27 3 67, 89, 97 3

blaCTX-M-14 2 88, 92 2

blaCTX-M-1 1 91 1

blaCTX-M-64 1 98 1
Positive-genome counts are allele-genome observations. Study row 67 contributes one observation to both blaCTX-M-55 and blaCTX-M-27. BV-BRC locus counts preserve
physically separate loci. Study row 84 contributes two blaCTX-M-15 loci but only one Positive genome.

Discussion

Principal Findings

The principal finding of this study is that CARD/RGI,
ResFinder, and current BV-BRC Comprehensive Genome
Analysis matched the reconstructed sequence-level ESBL
reference for all 99 evaluable genomes. Furthermore, all
19 reference-Positive rows demonstrated exact normalized
qualifying allele-set concordance across all three workflows.
The original expectation for this study was that agreement
rates might differ among the workflows. However, that
expectation was not supported in this fixed dataset, as the
expected workflow differences were not observed. The
observed positive percent agreement was 100.00%, with a
lower 95% exact confidence limit of 82.35%. This wider
confidence interval directly reflects the smaller denominator
of 19 reference-Positive genomes. These findings support
reproducible concordance among the workflows only under
the specified dataset, versions, inputs, thresholds, and inter-
pretation rules.

Interpretation of Workflow Concordance
The workflow concordance demonstrated here is more
informative than merely comparing the aggregate total of
Positive and Negative calls. Aggregate totals can match even
if individual study rows are classified differently by each
tool. By directly comparing row identities, this analysis
confirmed that no row-level disagreements occurred among

the 99 eligible rows. Moreover, the normalized qualifying
allele sets were directly compared. All 19 reference-Positive
rows showed exact allele-set concordance. Study row 67
contained two different qualifying alleles, blaCTX-M-55 and
blaCTX-M-27, at distinct loci. Study row 84 contained two
separate loci of the same blaCTX-M-15 allele. These specific
cases explain why allele counts, genome counts, and locus
counts must be preserved separately and cannot be treated as
interchangeable when interpreting concordance.

Full concordance across these workflows does not estab-
lish complete evidence independence. All classifications were
derived entirely from sequence-based evidence, and the same
predefined functional ESBL hierarchy was applied to inter-
pret qualifying evidence. Although the workflows differ, their
underlying databases or evidence engines are not completely
independent. For instance, the current BV-BRC Specialty
Gene output may include evidence derived from AMRFind-
erPlus and CARD/RGI15–18. Previous inter-method studies
have reported discordant resistance-gene calls when evaluat-
ing other databases, sequence inputs, and workflow imple-
mentations20,22–25. Therefore, these current data solely sup-
port sequence-level concordance under the specified workflow
conditions. This study did not measure phenotypic suscepti-
bility, and it does not establish clinical utility.

Historical Provenance and Reconstruction

The current reconstructed analysis differs from the historical
manuscript. Historically, the reconstructed-reference distribu-
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tion was reported as 39 Positive and 61 Negative genomes,
alongside a historical PATRIC pattern of 100 of 100 Pos-
itive classifications. These historical findings are retained
only as provenance. Because the historical field-level out-
puts and the binary interpretation rule were not recovered,
historical PATRIC results were not substituted for current BV-
BRC results. The former explanation that PATRIC produced
false positives because it used a broader approach was unsup-
ported and consequently removed. The original analysis did
not isolate database content, threshold effects, output type, or
interpretation rules. Instead, the current BV-BRC Compre-
hensive Genome Analysis was newly executed using the of-
ficial command-line interface, and current classifications re-
lied on gene-level AMR/Specialty Gene evidence. When re-
evaluated, historical audit rows 1, 9, 11, 22, and 50 were Neg-
ative across the reconstructed reference and all three current
workflows. Study row 3 remained Unresolved and did not
contribute a binary agreement cell.

Scope, Limitations, and Future Work

Several limitations must be considered. First, no matched phe-
notype data, antimicrobial susceptibility testing, or minimum
inhibitory concentration data were available. Sequence-level
ESBL status cannot establish phenotypic resistance. Second,
the fixed 100-genome set was not randomly sampled. The
distribution of 19 Positive, 80 Negative, and one Unresolved
genome is not a measure of population prevalence, and the
findings cannot automatically be generalized to broader E.
coli populations. Third, historical retrieval information is in-
complete because the original search string and exact histor-
ical download date were not preserved, although current ac-
cessions, assemblies, raw outputs, and execution records are
available. Fourth, study row 3 lacked a complete genomic
FASTA. This row remained Unresolved, was excluded from
binary calculations, and no imputation was performed for it.
Fifth, there is evidence dependence across the workflows due
to the shared predefined functional hierarchy and partially re-
lated databases or evidence engines, meaning the comparisons
are not fully independent. Finally, the zero observed discor-
dance made paired difference testing uninformative. Zero dis-
cordance does not prove equivalence, as results may change
with different datasets, versions, inputs, thresholds, or inter-
pretation rules.

Future work should evaluate these workflows using larger,
independently sampled collections. Future studies should
match genomic findings with antimicrobial susceptibility re-
sults or minimum inhibitory concentration measurements.
Additional species or epidemiological settings should also
be investigated. Researchers should test different identity
thresholds, coverage thresholds, and hit-category settings to
separate database effects from workflow implementation ef-

fects. Comparing database versions and evaluating how dif-
ferent sequencing and assembly strategies, such as short-
read, long-read, and hybrid assemblies, affect results would
also be valuable because assembly representation can alter
resistance-gene recovery22,23,25. Performing this independent,
phenotype-linked validation is essential to properly evaluate
clinical validity and generalizability.

The three evaluated workflows agreed with the recon-
structed reference for all 99 eligible genomes. Every
reference-Positive row had exact normalized qualifying allele-
set concordance. The six-accession historical concern was
reconciled, and study row 3 appropriately remained Unre-
solved. Row 67 preserved two different qualifying alleles,
while row 84 preserved two loci of the same allele. Ultimately,
these findings apply only to the specified sequence-based con-
ditions. Phenotypic accuracy and clinical validity were not
established.
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