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Future research should focus on improving AMR phenotype prediction.
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Christian Blumenscheit'®, Yvonne Pfeifer’, Guido Werner’, Charlyn John', )
Franziska Layer-Nicolaou?, Andy Schneider’, Peter Lasch’, and Joerg Doellinger'

Antimicrobial resistance (AMR) is an increasing challenge
for the therapy of bacterial infections. Currently, patient
treatment is guided by antimicrobial susceptibility testing
(AST) using phenotypic assays and species identification
by MALDI-ToF biotyping. Bacterial phenotype prediction
using omics technologies could offer several advantages
over current diagnostic methods. It would allow species
identification and AST to be combined in a single mea-
surement, it would eliminate the need for secondary
cultivation and could enable the prediction of phenotypes
beyond AMR, such as virulence. In this study, the poten-
tial of proteomics for clinical microbiology was evaluated
in an analysis of 126 clinical isolates covering 16 species,
including all ESKAPE genera and 29 of the most common
AMR gene families. For this purpose, a flexible workflow
was developed, which enables reporting of the AMR
phenotype and the species of primary cultures within 2h.
Proteomics provided high specificity (100%) and sensi-
tivity (94.4%) for AMR detection, while allowing species
identification from very large sequence databases with
high accuracy. The results show that proteomics is well-
suited for phenotyping clinical bacterial isolates and has
the potential to become a valuable diagnostic tool for
clinical microbiology in the future.

Antimicrobial resistance (AMR) of bacteria is a major and
emerging threat for public health. A systematic study of the
global burden of AMR reports that 4.95 million deaths in 2019
were associated and 1.27 million deaths were attributed to
resistant bacteria (1-4). AMR is a major challenge for clini-
cians to treat bacterial infections. The selection of an appro-
priate antibiotic depends on the results of bacterial species
identification and antimicrobial susceptibility testing (AST) in
clinical diagnostic laboratories (5, 6). Nowadays, the taxo-
nomic identity of clinical isolates is mostly analyzed using
MALDI-ToF MS-based biotyping, which is both rapid and
cost-efficient (7). On the other hand, AMR is usually analyzed
by phenotypic methods, which analyze the growth of bacteria
in the presence of various antibiotics in parallel, such as broth

dilution or disk diffusion techniques. Although phenotypic
methods are well-established and powerful, genomics has
gained a lot of attraction as a complementary method for
predicting the AMR phenotype from the genotype (8, 9). The
use of molecular data for microbial diagnostics offers several
potential advantages over phenotypic methods. It enables the
integration of species identification and AMR detection into a
single method, it omits the need for secondary cultivation and
offers the potential to predict the phenotype beyond AMR, for
example, the expression of virulence factors including toxins.
Furthermore, those clinical data could directly be used for
molecular epidemiology and so enable surveillance of bac-
terial infections in real-time. While an ISO-certified genomics
workflow for identification and surveillance of antimicrobial
resistance has been published recently, the potential of pro-
teomics for clinical microbial diagnostics has not been
investigated systematically, although the proof of concept
has been demonstrated (10-20). This is rather surprising
given that protein measurements are excellent predictors of
the phenotype. This is why targets of most drugs, including
antibiotics, are proteins (21). Proteins are furthermore the
most frequently measured analyte class in clinical practice
(22). In addition, mass spectrometry-based proteomics has
seen tremendous technological progress in recent years,
which enables high-throughput analysis of bacterial pro-
teomes (23). It has already been demonstrated, that thou-
sands of proteins can be analyzed in 1 min LC-MS/MS
measurements and the depth of such ultra-high-throughput
approaches is constantly increasing (24).

In this study, we aimed to establish and evaluate whole
bacterial cell proteomics for antibiotic resistance detection
and concomitant species identification of ESKAPE (Entero-
coccus faecium, Staphylococcus aureus, Klebsiella pneu-
moniae, Acinetobacter baumannii, Pseudomonas aeruginosa,
and Enterobacter spp.) pathogens by analyzing a represen-
tative panel of clinical isolates. ESKAPE pathogens are the
most relevant agents of nosocomial infections and are closely

From the 'Robert Koch-Institute, Centre for Biological Threats and Special Pathogens, Proteomics and Spectroscopy (ZBS6), Berlin, Germany;
and 2Robert Koch-Institute, Nosocomial Pathogens and Antibiotic Resistance (FG13), Wernigerode, Germany

*For correspondence: Joerg Doellinger, doellingerj@rki.de.

SASBMB

Mol Cell Proteomics (2026) 25(4) 101539 1

© 2026 THE AUTHORS. Published by Elsevier Inc on behalf of American Society for Biochemistry and Molecular Biology.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.1016/j.mcpro.2026.101539


http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-8987-2355
https://orcid.org/0000-0001-8309-082X
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
mailto:doellingerj@rki.de
http://crossmark.crossref.org/dialog/?doi=10.1016/j.mcpro.2026.101539&domain=pdf
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.mcpro.2026.101539

Antibiotic Resistance Detection in ESKAPE Pathogens

linked with multidrug resistance and virulence. The sample
panel consisted of 126 bacterial strains from 16 species,
including all ESKAPE genera and 29 AMR gene families. The
results demonstrate the enormous potential of proteomics for
clinical microbiology, and the workflow utilized provides a
solid foundation for further development of the technology in
order to mature this type of analysis for clinical use.

METHODS
Experimental Design and Statistical Rationale

This study aims to evaluate the potential of proteomics for clinical
microbiology. In total, 126 clinical bacterial isolates covering 16
species, including all ESKAPE genera and 29 of the most common
and relevant AMR gene families for clinical diagnostics, were
analyzed. All bacterial isolates were measured once in a randomized
order with respect to the AMR gene families. For the diagnostic
purpose, each sample needed to be measured and analyzed sepa-
rately. To minimize peptide carry-over between consecutive LC-MS
runs and so minimize false-positive AMR results, a wash run was
included between each sample. LC-MS data of each sample were
analyzed in an independent manner from each other, such as options
like match between run, which relate on the combined analysis of
multiple samples were turned off. Details on the filtering of peptide
identification results using DIA-NN, species identification results by
MicrobMS and AMR determination results by rawDIAtect are pro-
vided in the sections, “Species identification based on LC-MS1 bio-

Sample Panel of ESKAPE Pathogens

A total of 126 isolates from 11 bacterial genera spanning 16 spe-
cies were included in this study (Table 1). This panel consists of the
most prominent members of ESKAPE bacteria proposed by the WHO
(5, 25, 26). The extensively pre-characterized bacterial isolates were
obtained from the strain collection of the Department of Nosocomial
Pathogens and Antibiotic Resistance (FG13) of the RKI, which hosts
the German National Reference Center for Staphylococci and
Enterococci. A detailed list of the isolates and the typing of AMR and
species prior to this study can be found in the Supplementary Ap-
pendix (Supplemental Tables S1 and S2).

Antimicrobial Susceptibility Testing (AST)

Antimicrobial susceptibility of all isolates was determined using broth
microdilution (BMD) according to EUCAST guidelines using interpre-
tation standard EUCAST v14.0. Ten antibiotics were tested: ampicillin,
cefotaxime, ceftazidime, cefoxitin, meropenem, gentamicin, kana-
mycin, nalidixic acid, ciprofloxacin and colistin. The AST of enterococci
and staphylococci isolates was determined by BMD according to
EUCAST standards and guidelines. For isolates without a clinical
breakpoint, appropriate ECOFF values were used to distinguish the
wild-type population from the non-wild-type (=resistant) population.

PCR-Based Detection of Resistance Genes

The presence of various beta-lactamase genes was tested by PCR
followed by Sanger sequencing for most isolates using primers and
protocols from previously published studies (27-29). In addition, PCR
screening and subsequent Sanger sequencing for genes contributing

typing,” “Peptide identification” and “Antimicrobial resistance to resistance to aminoglycosides (aac(6’)-Ib-like) and colistin (mcr-1)
detection.” were performed as recently described (30, 31). The presence of
TaBLE 1
Overview of the sample panel of multidrug-resistant bacteria including ESKAPE pathogens
Genus Species .NO' AMR sequence variants
of isolates
Acinetobacter baumannii 15 PER-7; AAC(6')-Ib-cr; OXA-23; OXA-80; OXA-72; PER-1; OXA-82;
TEM-1; TEM; CTX-M-115; GES-11
Citrobacter freundii complex 1 AAC(6)-Ib-cr; CTX-M-15; NDM-1; OXA-1; TEM-1; OXA-9; GES-
11; TEM; SHV-12; VIM-2
Entercoccus faecium 25 vanB; vanSA; vanA; vanRA; vanRB; vanSB
Enterobacter cloacae complex 2 CTX-M-15; AAC(6); ACT-7; NDM-1; OXA-1; TEM-1; OXA-9; ACT;
CTX-M-14; OXA-48; TEM; QnrA; VIM-4
Enterobacter hormachei AAC(6')-Ib-cr; ACT; OXA-1; QnrA7; VIM-1; TEM; QnrA; SHV-12
Enterobacter roggenkampii 1 VIM-1; QnrS
Escherichia coli 19 CMY-2; MCR-1; TEM-1; AAC(6')-Ib-cr; CTX-M-15; NDM-1; OXA-
1; OXA-244; AAC(6')-like; OXA-2; QnrS1; QnrS; KPC-2; OXA-9;
CTX-M-27; TEM; CTX-M-2; SHV-12; QnrB19; SHV-5; CTX-M;
NDM-5; CMY-4
Klebsiella grimontii 1 AAC(6')-Ib; OXY-6-2; ACC-1; OXA-10; VIM-1; QnrS
Klebsiella oxytoca 1 OXY-2-8; VIM-1; QnrS1
Klebsiella pneumoniae 9 CMY-4; KPC-2; NDM-1; SHV-1; AAC(6')-Ib-cr; CTX-M; OXA-232;
TEM-1; SHV; AAC(6'); CTX-M-15; OXA-1; TEM; VIM-4; MCR-8.1;
QnrS; SHV-5; VIM-1; SHV-11; CTX-M-14; CTX-M-27
Klebsiella quasipneumoniae 1 CTX-M-15; OKP-A-5; QnrS1
Morganella morganii 2 CTX-M-1; NDM-1; VIM-4; DHA-1
Proteus mirabilis 3 AAC(6')-1b; DHA; OXA-10; VEB-5; CTX-M-15; AAC(6')-Ib-cr; DHA-
1; NDM-1; OXA-1; TEM-1; ACC-1; KPC-2; QnrB2; QnrD
Pseudomonas aeruginosa 13 PER-1; OXA-1; VIM-2; OXA-10; VEB-1; GIM-1; OXA-2; VIM-6;
AAC(6'); IMP-7; IMP-15; VIM-28; IMP-16; IMP-1
Shigella sonnei 3 CTX-M-15; TEM-135; CTX-M-14; CTX-M-3
Staphylococcus aureus 28 mecA; mecC
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vancomycin resistance gene clusters was determined by detecting
the corresponding vanA and vanB ligase genes by multiplex PCR
according to an accredited internal protocol (32). Detection of
methicillin resistance mediated by the genes mecA and mecC was
determined by multiplex PCR according to an internal protocol (33).

Next Generation Sequencing (NGS)-Based Detection of
Resistance Genes

The publicly available lllumina sequence data were used to
generate genomes. These short reads were filtered using fastp
(v0.23.1, https://github.com/OpenGene/fastp) (34). Genomes were
generated using unicycler (v0.5.0, https://github.com/rrwick/
Unicycler) with the short-read-only method using spades (v3.15.4)
(35, 36). Klebsiella genomes were screened for AMRs using Kleborate
(v v2.2.0, https://github.com/katholt/Kleborate) (37). For all other
genomes, abricate (v1.0.0, https://github.com/tseemann/abricate)
was used with the CARD database (v3.2.1).

Bacterial Cultivation and Harvesting

All bacterial isolates were cultivated aerobically on Mueller Hinton Il
(Becton Dickinson) agar plates at 37 °C overnight. Bacterial cells
were harvested by streaking with an inoculation loop and transferred
to a 1.5 ml tube. The pellets were washed twice with 500 pl
phosphate-buffered saline (PBS) and spun down at 6000 x g for
5 min.

Sample Preparation for Proteomics

All samples were prepared using Sample Preparation by Easy
Extraction and Digestion (SPEED) with minor modifications (38).
Samples were lysed in 100 pl trifluoroacetic acid (TFA) and mixed
thoroughly with a pipette. The tubes were then incubated at 70 °C for
3 min and subsequently neutralized by adding 1 ml of 2M Tris solution
containing tris(2-carboxyethyl)phosphine (TCEP) to a final concen-
tration of 10 mM and 2-chloroacetamide (CAA) to a final concentra-
tion of 40 mM. The tubes were incubated at 95 °C for a further 5 min.
Protein concentrations were determined by turbidity measurements
at 360 nm (1 AU = 0.67 pg/pl) using the NanoPhotometer NP80
(Implen, Westlake Village, California).

Afterward, 50 pl sample containing 50 pg proteins was mixed with
150 pl of rapid digestion buffer (Promega). Rapid trypsin (Promega)
was added at a protein/enzyme ratio (w/w) of 10:1. Trypsin digestion
was performed at 70 °C for 15 min with shaking at 400 rpm in a
thermomixer (Eppendorf). The peptide solution was acidified to a pH
of ~2 with 10 pl of 10% TFA and desalted using Pierce Peptide
Desalting Spin Columns (Thermo Fisher Scientific) according to the
manufacturer's instructions. The desalted peptides were quantified
by absorbance measurements at 280 nm using the NanoPhotometer
NP80 (Implen) and finally diluted with 0.1% TFA to a concentration of
0.25 pg/pl.

Liquid Chromatography and Mass Spectrometry

Peptides were analyzed on an EASY-nanoL.C 1200 (Thermo Fisher
Scientific) coupled online to a Q Exactive HF mass spectrometer
(Thermo Fisher Scientific). 1 pg of peptides were separated on a
PepSep column (15 cm length, 75 um 1.D., 1.5 pm C18 beads, Pep-
Sep, Marslev, Denmark) using a stepped 30 min gradient of 80%
acetonitrile (solvent B) in 0.1% formic acid (solvent A) at 300 nl/min
flow rate: 4 to 9% B in 2:17 min, 9 to 26% B in 18:28 min, 26 to 31%
B in 3:04 min, 31 to 38% B in 2:41 min, 39 to 95% B in 0:10 min, 95%
B for 2:20 min, 95-0% B in 0:10 min and 0% B for 0:50 min. Column
temperature was kept at 50 °C using a butterfly heater (Phoenix S&T).
The Q Exactive HF was operated in a data-independent (DIA) manner.
Full scan spectra were recorded in the m/z range of 345-1650 with a

resolution of 120,000 using an automatic gain control (AGC) target
value of 3 x 10® with a maximum injection time of 100 ms. The full
scans were followed by 39 DIA scans with varying isolation window
widths (Supplemental Table S38). DIA window placement was
adjusted according to the retention time-dependent distribution of
peptide m/z values in 5 min intervals within the peptide elution win-
dow (23). DIA spectra were recorded in the m/z range of 350-1150 at
a resolution of 30,000 using an AGC target value of 3 x 10° with the
maximum injection time set to auto and a first fixed mass of 200 Th.
Normalized collision energy (NCE) was set to 27%, and the default
charge state was set to 3. Peptides were ionized using electrospray
with a stainless-steel emitter (I.D. 30 pm (PepSep) at a spray voltage
of 2.1 kV and a heated capillary temperature of 275 °C. To minimize
peptide carry-over, a wash run was included between each sample.
Samples that still showed a peptide carry-over did not fulfil the
required data quality criteria and were excluded from the study.

Species Identification Based on LC-MS’ Biotyping

Microbial species identification was performed as described pre-
viously, with minor modifications (39). Briefly, peptide (MS") feature
lists were extracted from the DIA data. MicrobeMS (http://wiki.
microbe-ms.com) was used to compare MS feature lists against a
library of strain-specific in silico mass profiles obtained from
UniProtKB/Swiss-Prot and UniProtKB/TrEMBL protein sequence
databases. Ranked lists of correlation or interspectral distance values
(i.e. scores) were obtained, which provided information on the taxo-
nomic identity of the organism under study (see (39) for details). The
in silico database (v 2.0) consisted of 9031 strain-specific MS' pep-
tide mass profiles, each containing 8000 to 15,000 different peptide
mass entries. Variance-scaled Pearson's product-moment correla-
tion coefficients (Pareto scaling 0.25) were selected as distance
values, using the mass region between 2000 and 5500 Da as input.
The results of the correlation analysis were scored between 0 (no
correlation) and 1000 (identity) and ranked to determine the taxo-
nomic identity of the sample under study. In this way, identification of
a sample by LC-MS" biotyping was based on the identity of the top
hit, which has the highest score in the score ranking list and therefore
occupies the top (first) position in the list. The taxonomic identity of
the isolates investigated throughout the study was determined be-
forehand using either MALDI-ToF MS, 16S rRNA sequencing, or
whole genome sequencing (WGS). The accuracy of species identifi-
cation was assessed by comparing the consensus taxonomic as-
signments of the reference methods and LC-MS' biotyping. An
identification was considered correct if LC-MS' biotyping confirmed
the taxonomic identity at the genus and species level. Cases counted
as incorrect included misidentifications at the genus and/or species
level and thus involved misidentifications of very closely related
bacteria such as Shigella sp. and Escherichia coli (see below). For the
sake of simplicity, we used the accuracy of identification as a mea-
sure of overall identification quality. Identification test accuracy is
defined as the ratio of the number of correct identifications to the sum
of correct and incorrect identifications.

Peptide Identification

Peptides in the LC-MS/MS data were identified using DIA-NN
(v1.8.1) (40). Samples were analyzed separately for each species in
conjunction with the unrelated run option. Spectral libraries were
predicted from the sample-specific species database and a pre-
processed and reduced CARD database (March 2022) (41).
The sample-specific species database was selected according to the
initial sample information. The respective reference proteome in the
UniProtKB was used for library prediction, and if no reference pro-
teome was available, the proteome with the highest completeness
(BUSCO value) was selected. The reduced CARD database consisted
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of the most common AMR gene families on the WHO watch list (3,
42), including 85 sequence variants covering 74 AMR gene families
(Supplemental Table S4). Sequence variants were selected to
represent AMR gene family subclasses with distinct phenotypes ac-
cording to the Beta-Lactamase Database (BLDB) (43). Spectral li-
braries were predicted from the protein sequences using the deep
learning algorithm implemented in DIA-NN with strict trypsin speci-
ficity (KR not P) allowing up to one missed cleavage site in the m/z
range of 350 to 1150 with charge states of 2 to 4 for all peptides
consisting of 7 to 30 amino acids with activated N-terminal methio-
nine excision and cysteine carbamidomethylation. Mass spectra were
analyzed with fixed mass tolerances of 10 ppm for MS" and 20 ppm
for MS? spectra. The match between run (MBR) option was disabled.
The FDR was set to 1% for precursor identifications, and the resulting
precursor.tsv files were used for further processing in rawDIAtect.

Antimicrobial Resistance Detection

AMR gene families and sequence variants, as well as the associ-
ated drug classes, were identified from the DIA-NN main report files
using rawDIAtect (10). At first, all peptides identified from the CARD
database were extracted and annotated with antimicrobial-
resistance-related information, such as the AMR gene family, drug
class, and AMR gene subfamily deposited in the ARO index file of
CARD Ontology. Peptide sequences were then filtered for unique-
ness, with respect to AMR gene families, and for removal of multiple
charge states, keeping only the charge state with the highest pre-
cursor quantity. AMR gene families were inferred from the remaining
peptides and were subsequently filtered, requiring a minimum of
three sequences per protein. After this, the abundance of each AMR
gene family was calculated from the top three precursor intensities.
The most likely sequence variants were inferred from ranking all
identified variants per AMR gene family, according to their peptide
counts. Sequence variants of one AMR gene family were matched to
their subfamily, according to the “Beta-Lactamase Database” (BLDB)
and given a new tag “subfamily” to clear up multiple variant hits (43).
All processed peptide tables were saved separately for further
investigation (available via PRIDE).

The results of proteomics-based antimicrobial resistance tests
were analyzed at three levels: AMR gene family, protein sequence
variant and AMR phenotype. AMR status of the tested strains were
previously characterized by PCR, Sanger sequencing and AST
reporting. AMR detection by proteomics was considered true pos-
itive (TP) if the correct AMR gene family was detected. True negative
(TN) test results corresponded to cases where proteomics
confirmed the absence of AMR at the gene family, and protein
sequence variant level. False negative (FN) or false positive (FP)
AMR prediction corresponded to test results where the presence
(FN) or absence (FP) of resistance could not be confirmed by
proteomics.

Test parameters like the sensitivity and specificity were found to be
helpful to describe the performance of the proteomics-based anti-
microbial resistance test and were thus determined by means of the
following well-known equations: sensitivity = TP/(TP + FN) and
specificity = TN/(TN + FP), respectively. While the sensitivity refers to
the ability of the test to detect a given AMR determinant, the speci-
ficity describes the test ability to confirm the absence of a given AMR
determinant. For AMR protein sequence variant level and AMR
phenotype level accuracy was calculated according to the equation:
accuracy = correct/(correct + incorrect).

RESULTS

In this study, we aim to propose whole bacterial cell pro-
teomics as an alternative method for antibiotic resistance

detection and concomitant species identification of
multidrug-resistant microorganisms, including ESKAPE
pathogens. Recently, we published a small-scale proof-of-
concept (POC) proteomics study, which showed that
simultaneous antibiotic resistance detection and species
identification from DIA-MS data is possible with high speci-
ficity and sensitivity (10). The diagnostic workflow was based
on universal bacterial sample preparation using SPEED and
data-independent acquisition mass spectrometry (DIA-MS),
which potentially enables high-throughput proteomics but
poses major challenges for data analysis, such as the iden-
tification of bacterial species from large peptide sequence
data sets and the detection of low-abundant AMR gene
families. In the current study, we largely expanded the list of
detectable AMR gene families and applied it to a sample
cohort including all species and the most common resistance
determinants of clinically-relevant ESKAPE pathogens. A total
of 126 isolates representing 16 bacterial species and 29 AMR
gene families with 74 AMR sequence variants were tested in
this study (Table 1). Compared to our previous work, this
study also includes significant improvements in the analytical
workflow, which increased the throughput from 8 to 29
samples per day while maintaining a detection limit of <10
protein copies per bacterial cell (23). An overview of the
proteomics workflow is shown in Figure 1.

Species Identification Based on LC-MS’ Biotyping

Bacterial species identification from DIA-MS data is a
challenging task because peptide identification requires very
large multi-species in silico predicted spectral libraries. Such
libraries often contain more than one million protein entries,
making analysis inefficient at best, if not impossible with most
available software solutions. Therefore, we used an approach,
previously published by us, that uses in silico generated
peptide mass profiles and LC-MS" data. The main idea of the
MS' approach is to generate an experimental mass list con-
taining all MS" peptide features of the microbial sample under
study and compare it with sets of theoretically predicted
tryptic peptide mass lists ultimately obtained from bacterial
genome data. Correlations between the measured and the
calculated peptide mass vectors are then determined and
ranked so that the species identity can be inferred from the
top-ranked entry. This method is computationally intensive
but allows rapid species identification from DIA-MS data. The
results of the LC-MS’ biotyping analysis are summarized in
Figure 2. In total, 117 out of the tested 126 species were
correctly identified giving an overall accuracy of species
identification of 91%. Perfect identification accuracy (100%)
could be determined for all species except E. coli, which was
assigned as Shigella sp. in 12 samples, resulting in only ~37%
accuracy of identification for E. coli. Given that E. coli and
Shigella sp. are genetically closely related, if not indistin-
guishable in species-level identification approaches, it was
interesting to note that no Shigella isolate was misidentified
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Fic. 1. Proteomic workflow for species identification and AMR detection. Cultured bacteria are prepared for proteomics using sample
preparation by easy extraction and digestion (SPEED), which is both rapid and universally applicable for all microorganisms. The resulting
peptides are analysed using data-independent acquisition mass spectrometry (DIA-MS). Afterwards, the bacterial species is identified from the
MS' spectra using MicrobeMS with a peptide mass barcode database built from the UniProtKB covering 9031 bacterial strains. The species
information is used to predict a peptide spectral library for this specific sample, which is further enriched with sequences of AMR gene families
obtained from the Comprehensive Antibiotic Resistance Database (CARD). This library is used to identify peptide sequences from the MS?
spectra using DIA-NN. The AMR phenotype is predicted from the identified peptide sequences using rawDIAtect, which summarizes the
results on various levels, including AMR gene families, protein sequence variants and drug classes. (Created in BioRender. Grossegesse,

M. (2024) BioRender.com/r60u816).

as E. coli. The detailed list of all identifications can be found in
Supplemental Table S5.

Accuracy of species identification for species other than
E. coli in this case was comparable to or even higher than the
accuracy of species identification reported for MALDI-ToF
MS (7, 44-47). It should be noted that the in silico database
used for LC-MS' biotyping has been obtained computation-
ally and is therefore independent of measured spectral li-
braries, as in MALDI-ToF MS. Therefore, the database used
for this study covers a large variety of bacterial species (9031
entries) and is thus comparable to available commercial
MALDI-ToF MS databases.

AMR Detection by Proteomics

In this study, detection of antimicrobial resistance by pro-
teomics relies on the protein expression of resistance de-
terminants in the absence of antibiotics. It is currently not
known if all AMR gene families fulfil this prerequisite because

for many determinants, deep proteomic measurements are
not available. The sample panel in this study covers 29 AMR
gene families comprising 74 sequence variants in 126 sam-
ples, which were initially characterized using AST, PCR/
Sanger sequencing and/or NGS. In total, the proteomics re-
sults represented in this study are the equivalent of 3.654
PCRs—this test number would be required to detect the
tested AMR gene families at the gene level in all samples by
PCR.

Overall, AMR gene families were detected with a sensitivity
of 94.4% (272 TP and 16 FN test results) and a specificity of
100% (3366TN). AMR sequence variant detection accuracy of
found AMR gene families equaled 84.1% (228 correct and 43
incorrect), and the per-sample phenogroup detection is
88.1% (111 correct and 15 incorrect). The results demon-
strate that the proposed proteomic workflow achieved perfect
specificity and high sensitivity in the analysis of ESKAPE
pathogens (Fig. 3).
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Staphylococcus aureus
Shigella sonnei 4
Pseudomonas aeruginosa -
Proteus mirabilis -
Morganella morganii -
Klebsiella quasipneumoniae -
Klebsiella pneumoniae
Klebsiella oxytoca
Klebsiella grimontii
Escherichia coli
Enterobacter roggenkampii -
Enterobacter hormachei
Enterobacter cloacae complex -
Entercoccus faecium -
Citrobacter freundii complex
Acinetobacter baumannii

12 identified as Shigella spp.

0% 25%

50% 75% 100%

Fic. 2. Species identification based on LC-MS" biotyping. Distribution of identifications and resulting accuracy of species identification
from LC-MS' biotyping summarized by taxonomy. Overall accuracy was ~91%. Total sample size and correct identifications are shown in
parentheses. Twelve Escherichia coli strains were misidentified as different species of Shigella. For more information see supplementary table

(Supplemental Tables S5 and S6).

This is encouraging and demonstrates that all types of
proteins mediating a resistant phenotype within this study are
in principle sufficiently expressed for MS-based detection in
the absence of antibiotics. However, the sensitivity varied
between different AMR gene families. The proteomic results
are summarized separately for each genus and AMR gene
family in Figure 4. Overall, 21 of the 29 AMR gene families
were detected with 100% sensitivity, while 5 AMR gene
families were identified with sensitivities above 75%. The
sensitivity for the detection of 3 AMR gene families was less
than 75%. The low sensitivity of OXY was due to a single
missed identification and is therefore probably resulting from
the low incidence of this protein in the ESKAPE sample panel.
In total, eight out of the 16 missed AMR gene families were
missed identifications of the quinolone resistance mediating
protein Qnr, which could only be detected in six out of 14
Qnr-positive samples (sensitivity ~43%). Interestingly, most
missing Qnr proteins were observed for the sequence variant
QnrS1, which, for example, was not detected in all Klebsiella
(0/4) samples. All AMR gene families could be found at least
once in this study. A detailed list of all classification results
can be found in Supplemental Table S7.

The resistance spectrum of each sample was further
derived from the identified protein sequence variant, and the
results were grouped into corresponding phenogroups
(Fig. 5). Phenogroups are defined by the sequence variant
and their corresponding resistance spectrum; a detailed list
can be found in the supplement (Tables S11-S13). The cor-
rect resistance spectrum was determined in 114 samples out
of 126 samples. The majority of incorrect classifications were
due to the absence of quinolone resistance in eight samples.

DISCUSSION

Molecular phenotyping of clinical bacterial isolates using
omics technologies offers several advantages over current
diagnostic methods. It would allow to perform both species
identification and antimicrobial susceptibility testing by a
single measurement, rendering secondary cultivation obso-
lete. Furthermore, omics technologies have the potential to
predict bacterial phenotypes beyond AMR and e.g. enable
the analysis of the expression of virulence factors, including
toxins and superantigens, which could improve patient care.
Furthermore, such clinical data could directly be used for
molecular epidemiology and so enable surveillance of bac-
terial infections in real time. While genomic methods are
already well established and an ISO-certified workflow for
AMR determination already exists, at least in Australia (48),
there are no comparable proteomic methods. For a long time,
this was due to serious technical limitations of LC-MS-based
proteomics, which was only used in individual proof-of-
concept studies for the targeted analysis of individual resis-
tance determinants (49). However, the technical limitations in
throughput, sensitivity and robustness of LC-MS have been
overcome in recent years. The strengths of modern proteomic
workflows are well-suited to the requirements of clinical
microbiology, which demands a fast turnaround time to
actionable insights, and addresses important limitations that
currently prevent the widespread use of genomics in routine
laboratories. These limitations are primarily the speed of
sequencing, a lack of flexibility due to the need for batch
processing, complex data analysis, and costs. In contrast, the
analysis of complete prokaryotic proteomes is already
possible with a throughput of up to 180 samples per day and
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Gene level

100%
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Fic. 3. Performance of proteomics-based AMR-diagnostics at the AMR gene family, AMR sequence variant and at the phenotype
level. The sensitivity and specificity of AMR detection by proteomics in comparison to the methods phenotypic AST, PCR, NGS and Sanger
sequencing is summarized for AMR gene families, protein sequence variants and AMR phenotype. In total, 126 samples, containing 29 AMR
gene families and 74 AMR sequence variants were analyzed. A detailed list of all classification results can be found in Supplemental Table S7.

will certainly further increase in the near future (50). be analyzed immediately after arrival in the lab, requiring only
Proteomics does not rely on batch processing of samples, a few minutes of instrument time without the need to wait for
which is common in genomics. This means that samples can  additional samples to fill up a sequencer in order to save
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money. As proteins shape the phenotype of cells, protein
measurements are, in turn, very well suited to predict the
phenotype of clinical bacterial isolates. Therefore, proteomics
might overcome inherent limitations of phenotype predictions
from genomes, which are related to the lack of measuring
levels of gene expression (51).

In this study, we aimed to develop a flexible and universal
workflow for bacterial proteomics and to determine the cur-
rent potential of proteomics for characterizing ESKAPE
pathogens within a sample panel of 126 clinical isolates. The
results show that we were able to solve most of the technical
problems for the successful implementation of proteomics in
clinical microbiology. The acid-based sample preparation
method (SPEED) can prepare all ESKAPE bacteria for mea-
surement in less than 1h without protocol adaptations. The
method also has great potential for automation to prepare
bacteria for mass spectrometry without human intervention in
the future. A DIA-MS setup subsequently allows the rapid
analysis of bacterial proteomes with high throughput. In this
study, data were recorded for 30 min for each sample,
achieving a sensitivity of ~4 protein copies per bacterial cell
(23). Initial studies show that these measurement types
already allow thousands of proteins to be analysed in ~1 min
of measurement time (24). However, the complex structure of
this data poses major challenges. The development of the
LC-MS’ biotyping approach overcomes the limitation that
DIA-MS data cannot be analyzed with very large sequence
databases. The collapsing of the three-dimensional LC-MS/
MS data into a one-dimensional peptide mass barcode en-
ables to identify bacterial species within DIA-MS data even
from databases derived from more than 9000 genomes. The
identification accuracy in this study was determined to be
91% in total and 100% excluding the discrimination issues
between E. coli and Shigella sp., which are genetically very
closely related and are difficult to discriminate even with
currently established routine methods, such as 16S rRNA
sequencing and MALDI-ToF MS (52-55). Therefore, LC-MS'

biotyping was found to already provide similar accuracy
compared to the widely adopted MALDI-ToF MS biotyping
method using spectral libraries predicted from genome
sequence data, which roughly rivals the size of currently
available MALDI-ToF MS databases. The incorrect identifi-
cation of E. coli as Shigella spp., as observed in this study,
had no significant impact on the prediction of AMR-
associated proteins. This is because E. coli and Shigella
spp. are genetically very closely related species, resulting in
only minor differences between their respective species-
specific background libraries. This may explain why mis-
identifications of E. coli as Shigella spp. by MS1 biotyping did
not result in errors in the detection of resistance-associated
proteins.

The species identification results enabled to predict
species-specific peptide spectral libraries and so enable the
deep characterization of the cellular proteome. The most
clinically-relevant AMR gene families were covered in the
sample panel. The specificity of AMR gene family detection
was 100% in an analysis corresponding to 3654 individual
tests, which shows that this approach is well-suited for clinical
diagnostics. Furthermore, all AMR gene families could be
detected. This demonstrates that proteins relevant for an AMR
phenotype are expressed even in the absence of antibiotics,
although their expression levels can be quite low. This fact
was not known before, as the majority of studies analyzing
gene expression in bacteria rely on transcriptomics. This is an
important prerequisite for the successful implementation of
proteomics in phenotyping bacteria. The sensitivities of AMR
detection were 94.4% on gene family and 88.1% on pheno-
type level. Those good values already underly the great po-
tential of proteomics but also call for further improvements, as
sensitivities were not evenly distributed among the different
AMR gene families. The sample size for some determinants
was too small for final evaluation, but especially the low
detection sensitivity of 43% for quinolone resistance medi-
ating protein Qnr needs further improvements. Interestingly,

8 Mol Cell Proteomics (2026) 25(4) 101539

SASBMB



Antibiotic Resistance Detection in ESKAPE Pathogens

detection of QnrA and QnrB in Klebsiella sp. by mass spec-
trometry has been demonstrated with sensitivities of 80% and
85% using targeted assays before (55). This shows that the
detection of Qnr by proteomics is not limited in general.
However, high-level fluoroquinolone resistance is usually
caused by mutations in the antibiotic target enzymes, namely
DNA gyrase and Topoisomerase IV. The detection of such
mutations in DIA data is possible in general but was beyond
the scope of this study. Targeted proteomics was already
successfully used to detect high-level fluoroquinolone resis-
tance and could be used to complement the DIA workflow of
this study (55). The data analysis workflows, which were
established for parallel reaction monitoring (PRM), could be
applied to DIA data as well but would require the generation of
respective peptide libraries in advance. Future extensions of
the DIA workflow should therefore focus on target alterations
as well as on harnessing the potential of the quantitative
protein information of e.g. efflux pumps to broaden the range
of AMR detection (51).

The encouraging results presented in this study suggest
that proteomics is well-suited for molecular phenotyping of
clinical bacterial isolates. The proposed workflow can easily
be integrated into commercially available LC-MS platforms
with higher sample throughput, such as the timsTOF HT and
the Orbitrap Astral, and will enable the analysis of 100 to 200
samples per day, which is likely to further increase in the
future. In comparison to genomics, the analysis of such high
sample numbers is still very flexible, as sample orders can be
prioritized and cost and time scale linearly with sample
numbers. For example, it would be inefficient to sequence a
few urgent samples on a high-throughput NGS platform, and
the time to sequencing result does not linearly decrease for
low number of samples. In proteomics, the bacterial pheno-
type of, e.g. an urgent sample from a sepsis patient could be
analyzed within ~1 h from bacterial cell to report using a fast
MS instrument. The ability to routinely analyze hundreds or
even thousands of bacterial proteomes opens up questions
on the potential benefits of proteomics for molecular sur-
veillance. The integration of proteomics and genomics data
might enable us to better enlighten the mechanisms of
emerging AMR phenotypes and identify and survey factors for
certain virulence types. A high number of available bacterial
proteomes with defined AMR phenotypes is also necessary to
potentially build models to predict minimum inhibitory con-
centrations (MIC) of antibiotics and so directly guide
personalized patient treatments.

DATA AVAILABILITY

The mass spectrometry proteomics data have been
deposited to the ProteomeXchange Consortium (http://
proteomecentral.proteomexchange.org) via the PRIDE part-
ner repository with the dataset identifiers PXD056051.

CODE AVAILABILITY

The R-code of rawDIAtect is available on https://github.
com/CptChiler/rawDIAtect. MicrobeMS can be downloaded
from https://www.microbe-ms.com/.

Supplemental Data—This article contains supplemental
data (56-62).

Author Contributions—A. S.,P.L.,J.D.,C.B.,Y.P.,G.W.,
C. J., and F. L. writing — review & editing; A. S., J. D., C. B
Y.P., C.J.,and F. L. methodology; A.S.,C.B.,Y.P.,and F. L.
investigation; P. L., C. B. software; P. L., J. D., G. W. project
administration; P. L., J. D., G. W. conceptualization. J. D.,
C. B. writing - original draft; J. D., G. W. supervision. C. B.
visualization; C. B., Y. P., and F. L. formal analysis; C. B.,
Y. P., and F. L. data curation; Y. P. and F. L. validation.

=y

Conflict of Interest—J. D., A. S., and P. L. are the inventors
of the SPEED sample preparation protocol and hold the
patents related to SPEED. The other authors declare no
competing interests.

Abbreviations—The abbreviations used are: AMR, Antimi-
crobial resistance; AST, antimicrobial susceptibility testing;
BMD, broth microdilution; DIA-MS, data-independent acqui-
sition mass spectrometry; FN, false negative; FP, false posi-
tive; MBR, match between run; NGS, Next Generation
Sequencing; TP, true positive; TN, true negative.

Received June 16, 2025, and in revised form, December 3, 2025
Published, MCPRO Papers in Press, February 26, 2026, https://
doi.org/10.1016/j.mcpro.2026.101539

REFERENCES

1. WHO. (2015) Global Action Plan on Antimicrobial Resistance. World Health
Organization, Geneva, Switzerland

2. WHO. (2014) Antimicrobial Resistance: Global Report on Surveillance.
World Health Organization, Geneva, Switzerland

3. WHO. (2022) Antimicrobial Resistance Surveillance in Europe 2022 - 2020
Data. World Health Organization, Geneva, Switzerland

4. Murray, C. J., lkuta, K. S., Sharara, F., Swetschinski, L., Aguilar, G. R.,
Gray, A., et al. (2022) Global burden of bacterial antimicrobial resistance
in 2019: a systematic analysis. Lancet 399, 629-655

5. Muntean, M. M., Muntean, A. A., Preda, M., Manolescu, L. S. C., Drag-
omirescu, C., Popa, M. |, et al. (2022) Phenotypic and genotypic
detection methods for antimicrobial resistance in ESKAPE pathogens
(Review). Exp. Ther. Med. 24, 508

6. Gajic, ., Kabic, J., Kekic, D., Jovicevic, M., Milenkovic, M., Mitic Culafic, D.,
et al. (2022) Antimicrobial susceptibility testing: a comprehensive review
of currently used methods. Antibiotics (Basel) 11, 427

7. Mortier, T., Wieme, A. D., Vandamme, P., and Waegeman, W. (2021)
Bacterial species identification using MALDI-TOF mass spectrometry
and machine learning techniques: a large-scale benchmarking study.
Comput. Struct. Biotechnol. J. 19, 6157-6168

8. Yang, M.-R., and Wu, Y.-W. (2022) Enhancing predictions of antimicrobial
resistance of pathogens by expanding the potential resistance gene
repertoire using a pan-genome-based feature selection approach. BMC
Bioinf. 23, 1-15

9. Wang, H., Jia, C., Li, H., Yin, R., Chen, J., Li, Y., et al. (2022) Paving the way
for precise diagnostics of antimicrobial resistant bacteria. Front. Mol.
Biosci. 9, 976705

SASBMB

Mol Cell Proteomics (2026) 25(4) 101539 9


http://proteomecentral.proteomexchange.org/
http://proteomecentral.proteomexchange.org/
https://github.com/CptChiler/rawDIAtect
https://github.com/CptChiler/rawDIAtect
https://www.microbe%2Dms.com/
http://doi.org/https://doi.org/10.1016/j.mcpro.2026.101539
http://doi.org/https://doi.org/10.1016/j.mcpro.2026.101539
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref1
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref1
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref2
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref2
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref3
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref3
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref4
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref4
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref4
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref5
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref5
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref5
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref5
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref6
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref6
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref6
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref7
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref7
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref7
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref7
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref8
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref8
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref8
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref8
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref9
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref9
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref9

Antibiotic Resistance Detection in ESKAPE Pathogens

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Blumenscheit, C., Pfeifer, Y., Werner, G., John, C., Schneider, A., Lasch, P.,
et al. (2021) Unbiased antimicrobial resistance detection from clinical
bacterial isolates using proteomics. Anal. Chem. 93, 14599-14608

Chen, C. Y., Clark, C. G., Langner, S., Boyd, D. A., Bharat, A., McCorrister,
S. J., et al. (2020) Detection of antimicrobial resistance using proteomics
and the comprehensive antibiotic resistance database: a case study.
Proteomics Clin. Appl. 14, 1800182

van Belkum, A., Chatellier, S., Girard, V., Pincus, D., Deol, P., and Dunne,
W. M. (2015) Progress in proteomics for clinical microbiology: MALDI-
TOF MS for microbial species identification and more. Expert Rev. Pro-
teomics 12, 595-605

Abele, M., Soleymaniniya, A., Bayer, F. P., Lomp, N., Doll, E., Meng, C.,
et al. (2025) Proteomic diversity in bacteria: insights and implications for
bacterial identification. Mol. Cell Proteomics 24, 100917

Kuhring, M., Doellinger, J., Nitsche, A., Muth, T., and Renard, B. Y. (2020)
Taxlt: an iterative computational pipeline for untargeted strain-level
identification using MS/MS spectra from pathogenic single-organism
samples. J. Proteome Res. 19, 2501-2510

Boulund, F., Karlsson, R., Gonzales-Siles, L., Johnning, A., Karami, N., Al-
Bayati, O., et al. (2017) Typing and characterization of bacteria using
bottom-up tandem mass spectrometry proteomics. Mol. Cell Proteomics
16, 1052-1063

Berendsen, E. M., Levin, E., Braakman, R., Prodan, A., van Leeuwen, H. C.,
and Paauw, A. (2020) Untargeted accurate identification of highly path-
ogenic bacteria directly from blood culture flasks. Int. J. Med. Microbiol.
310, 151376

Alves, G., Ogurtsov, A., Karlsson, R., Jaen-Luchoro, D., Pineiro-Iglesias, B.,
Salva-Serra, F., et al. (2022) Identification of antibiotic resistance proteins
via MiCld's augmented workflow. A mass spectrometry-based prote-
omics approach. J. Am. Soc. Mass Spectrom. 33, 917-931

Trip, H., Mende, K., Majchrzykiewicz-Koehorst, J. A., Sedee, N. J., Hulst,
A. G., Jansen, H. J., et al. (2015) Simultaneous identification of multiple
beta-Lactamases in Acinetobacter baumannii in relation to carbapenem
and ceftazidime resistance, using liquid chromatography-tandem mass
spectrometry. J. Clin. Microbiol. 53, 1927-1930

Foudraine, D. E., Strepis, N., Stingl, C., Ten Kate, M. T., Verbon, A,
Klaassen, C. H. W., et al. (2021) Exploring antimicrobial resistance to
beta-lactams, aminoglycosides and fluoroquinolones in E. coli and K.
pneumoniae using proteogenomics. Sci. Rep. 11, 12472

Fleurbaaij, F., Goessens, W., van Leeuwen, H. C., Kraakman, M. E. M.,
Bernards, S. T., Hensbergen, P. J., et al. (2017) Direct detection of
extended-spectrum beta-lactamases (CTX-M) from blood cultures by
LC-MS/MS bottom-up proteomics. Eur. J. Clin. Microbiol. Infect. Dis. 36,
1621-1628

Santos, R., Ursu, O., Gaulton, A., Bento, A. P., Donadi, R. S., Bologa, C. G.,
et al. (2017) A comprehensive map of molecular drug targets. Nat. Rev.
Drug Discov. 16, 19-34

Geyer, P. E., Holdt, L. M., Teupser, D., and Mann, M. (2017) Revisiting
biomarker discovery by plasma proteomics. Mol. Syst. Biol. 13, 942

Doellinger, J., Blumenscheit, C., Schneider, A., and Lasch, P. (2023)
Increasing proteome depth while maintaining quantitative precision in
short-gradient data-independent acquisition proteomics. J. Proteome
Res. 22, 2131-2140

Messner, C. B., Demichev, V., Bloomfield, N., Yu, J. S. L., White, M., Kreidl,
M., et al. (2021) Ultra-fast proteomics with scanning SWATH. Nat. Bio-
technol. 39, 846-854

Mulani, M. S., Kamble, E. E., Kumkar, S. N., Tawre, M. S., and Pardesi, K.
R. (2019) Emerging strategies to combat ESKAPE pathogens in the era of
antimicrobial resistance: a review. Front. Microbiol. 10, 539

Navidinia, M. (2016) The clinical importance of emerging ESKAPE patho-
gens in nosocomial infections. Arch. Adv. Biosci. 7, 43-57

Grobner, S., Linke, D., Schutz, W., Fladerer, C., Madlung, J., Autenrieth, .
B., et al. (2009) Emergence of carbapenem-non-susceptible extended-
spectrum beta-lactamase-producing Klebsiella pneumoniae isolates at
the university hospital of Tubingen, Germany. J. Med. Microbiol. 58, 7

Pfeifer, Y., Wilharm, G., Zander, E., Wichelhaus, T. A., Géttig, S., Hunfeld,
K.-P., et al. (2011) Molecular characterization of blaNDM-1 in an Acine-
tobacter baumannii strain isolated in Germany in 2007. J. Antimicrob.
Chemother. 66, 1998-2001

Turton, J. F., Woodford, N., Glover, J., Yarde, S., Kaufmann, M. E., and
Pitt, T. L. (2006) Identification of Acinetobacter baumannii by detection of

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

4

42.

43.

44.

45.

46.

47.

48.

49.

the blaOXA-51-like carbapenemase gene intrinsic to this species. J. Clin.
Microbiol. 44, 2974-2976

Park, C. H., Robicsek, A., Jacoby, G. A., Sahm, D., and Hooper, D. C.
(2006) Prevalence in the United States of aac(6')-lb-cr encoding a
ciprofloxacin-modifying enzyme. Antimicrob. Agents Chemother. 50,
3953-3955

Liu, Y.-Y., Wang, Y., Walsh, T. R, Yi, L.-X., Zhang, R., Spencer, J., et al.
(2016) Emergence of plasmid-mediated colistin resistance mechanism
MCR-1 in animals and human beings in China: a microbiological and
molecular biological study. Lancet Infect. Dis. 16, 161-168

Werner, G., Klare, |., Fleige, C., Geringer, U., Witte, W., Just, H.-M., et al.
(2012) Vancomycin-resistant vanB-type enterococcus faecium isolates
expressing varying levels of vancomycin resistance and being highly
prevalent among neonatal patients in a single ICU. Antimicrob. Resist.
Infect Control. 1, 21

Sommer, A., Fuchs, S., Layer, F., Schaudinn, C., Weber, R. E., Richard, H.,
et al. (2021) Mutations in the gdpP gene are a clinically relevant mech-
anism for p-lactam resistance in meticillin-resistant Staphylococcus
aureus lacking mec determinants. Microb. Genomics 7, 000623

Chen, S., Zhou, Y., Chen, Y., and Gu, J. (2018) fastp: an ultra-fast all-in-one
FASTQ preprocessor. Bioinformatics 34, i884-i890

Wick, R. R., Judd, L. M., Gorrie, C. L., and Holt, K. E. (2017) Unicycler:
resolving bacterial genome assemblies from short and long sequencing
reads. PLoS Comput. Biol. 13, e1005595

Prijibelski, A., Antipov, D., Meleshko, D., Lapidus, A., and Korobeynikov, A.
(2020) Using SPAdes De Novo Assembler. Curr. Protoc. Bioinformatics
70, e102

Lam, M. M. C., Wick, R. R., Watts, S. C., Cerdeira, L. T., Wyres, K. L., and
Holt, K. E. (2021) A genomic surveillance framework and genotyping tool
for Klebsiella pneumoniae and its related species complex - nature
communications. Nat. Commun. 12, 1-16

Doellinger, J., Schneider, A., Hoeller, M., and Lasch, P. (2020) Sample
preparation by easy extraction and digestion (SPEED) - a universal,
rapid, and detergent-free protocol for proteomics based on acid
extraction. Mol. Cell Proteomics 19, 209-222

Lasch, P., Schneider, A., Blumenscheit, C., and Doellinger, J. (2020)
Identification of microorganisms by liquid chromatography-mass spec-
trometry (LC-MS(1)) and in silico peptide mass libraries. Mol. Cell Pro-
teomics 19, 2125-2139

Demichev, V., Messner, C. B., Vernardis, S. I., Lilley, K. S., and
Ralser, M. (2019) DIA-NN: neural networks and interference
correction enable deep proteome coverage in high throughput. Nat.
Methods 17, 41-44

. Alcock, B. P., Raphenya, A. R., Lau, T. T. Y., Tsang, K. K., Bouchard, M.,

Edalatmand, A., et al. (2020) CARD 2020: antibiotic resistome surveil-
lance with the comprehensive antibiotic resistance database. Nucleic
Acids Res. 48, 517-525

WHO. (2021) WHO Model List of Essential Medicines - 22nd List, 2021.
World Health Organization, Geneva, Switzerland: 1-66

Naas, T., Oueslati, S., Bonnin, R. A., Dabos, M. L., Zavala, A., Dortet, L.,
et al. (2017) Beta-lactamase database (BLDB) - structure and function. J.
Enzyme Inhib. Med. Chem. 32, 917-919

van den Beld, M. J. C., Rossen, J. W. A., Evers, N., Kooistra-Smid, M. A.
M. D., and Reubsaet, F. A. G. (2022) MALDI-TOF MS using a custom-
made database, biomarker assignment, or mathematical classifiers
does not differentiate shigella spp. and Escherichia coli. Microorganisms
10, 435

Kaprou, G. D., Bergspica, I., Alexa, E. A., Alvarez-Orddnez, A., and Prieto,
M. (2021) Rapid methods for antimicrobial resistance diagnostics. Anti-
biotics 10, 209

Rodriguez-Sanchez, B., Cercenado, E., Coste, A. T., and Greub, G. (2019)
Review of the impact of MALDI-TOF MS in public health and hospital
hygiene, 2018. Euro Surveill. 24, 1800193

Patel, R. (2015) MALDI-TOF MS for the diagnosis of infectious diseases.
Clin. Chem. 61, 100-111

Sherry, N. L., Horan, K. A, Ballard, S. A., Gongalves Da Silva, A., Gorrie, C.
L., Schultz, M. B, et al. (2023) An ISO-certified genomics workflow for
identification and surveillance of antimicrobial resistance. Nat. Commun.
14, 60

Foudraine, D. E., Dekker, L. J. M., Strepis, N., Bexkens, M. L., Klaassen, C.
H. W., Luider, T. M., et al. (2019) Accurate detection of the four Most

10 Mol Cell Proteomics (2026) 25(4) 101539

SASBMB


http://refhub.elsevier.com/S1535-9476(26)00035-6/sref10
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref10
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref10
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref11
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref11
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref11
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref11
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref12
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref12
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref12
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref12
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref13
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref13
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref13
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref14
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref14
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref14
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref14
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref15
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref15
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref15
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref15
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref16
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref16
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref16
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref16
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref17
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref17
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref17
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref17
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref18
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref18
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref18
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref18
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref18
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref19
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref19
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref19
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref19
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref20
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref20
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref20
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref20
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref20
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref21
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref21
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref21
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref22
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref22
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref23
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref23
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref23
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref23
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref24
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref24
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref24
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref25
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref25
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref25
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref26
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref26
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref27
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref27
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref27
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref27
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref28
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref28
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref28
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref28
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref29
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref29
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref29
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref29
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref30
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref30
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref30
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref30
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref31
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref31
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref31
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref31
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref32
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref32
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref32
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref32
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref32
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref33
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref33
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref33
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref33
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref34
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref34
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref35
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref35
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref35
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref36
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref36
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref36
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref37
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref37
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref37
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref37
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref38
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref38
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref38
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref38
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref39
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref39
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref39
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref39
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref40
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref40
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref40
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref40
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref41
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref41
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref41
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref41
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref42
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref42
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref43
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref43
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref43
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref44
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref44
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref44
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref44
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref44
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref45
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref45
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref45
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref46
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref46
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref46
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref47
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref47
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref48
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref48
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref48
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref48
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref49
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref49

Antibiotic Resistance Detection in ESKAPE Pathogens

50.

51.

52.

53.

54.

55.

prevalent carbapenemases in E. coli and K. pneumoniae by high-
resolution mass spectrometry. Front. Microbiol. 10, 2760

Guzman, U. H., Martinez-Val, A., Ye, Z., Damoc, E., Arrey, T. N., Pashkova,
A., et al. (2024) Ultra-fast label-free quantification and comprehensive
proteome coverage with narrow-window data-independent acquisition.
Nat. Biotechnol. 42, 1855-1866

Ellington, M. J., Ekelund, O., Aarestrup, F. M., Canton, R., Doumith, M.,
Giske, C., et al. (2017) The role of whole genome sequencing in antimi-
crobial susceptibility testing of bacteria: report from the EUCAST sub-
committee. Clin. Microbiol. Infect. 23, 2-22

Dif, G., Djemouai, N., Bouras, N., and Zitouni, A. (2025) In-Depth genome-
based analysis of Shigella spp. and Escherichia spp.: resolving ambi-
guities and unveiling phylogenetic relationships. Curr. Microbiol. 82, 170

Paauw, A., Jonker, D., Roeselers, G., Heng, J. M., Mars-Groenendijk, R. H.,
Trip, H., et al. (2015) Rapid and reliable discrimination between Shigella
species and Escherichia coli using MALDI-TOF mass spectrometry. Int.
J. Med. Microbiol. 305, 446-452

Feng, B., Shi, H., Xu, F., Hu, F., He, J., Yang, H., et al. (2020) FTIR-assisted
MALDI-TOF MS for the identification and typing of bacteria. Anal. Chim.
Acta 1111, 75-82

Foudraine, D. E., Dekker, L. J. M., Strepis, N., Nispeling, S. J., Raa-
phorst, M. N., Kloezen, W., et al. (2022) Using targeted liquid
chromatography-tandem mass spectrometry to rapidly detect
B-Lactam, aminoglycoside, and fluoroquinolone resistance mecha-
nisms in blood cultures growing E. coli or K. pneumoniae. Front.
Microbiol. 13, 887020

56.

57.

58.

59.

60.

61.

62.

Becker, L., Fuchs, S., Pfeifer, Y., Semmler, T., Eckmanns, T., Korr, G., et al.
(2018) Whole genome sequence analysis of CTX-M-15 producing Kleb-
siella isolates allowed dissecting a polyclonal outbreak scenario. Front.
Microbiol. 9, 322

Pietsch, M., Irrgang, A., Roschanski, N., Brenner Michael, G., Hamprecht,
A., Rieber, H., et al. (2018) Whole genome analyses of CMY-2-producing
Escherichia coli isolates from humans, animals and food in Germany.
BMC Genomics 19, 601

Pfeifer, Y., Witte, W., Holfelder, M., Busch, J., Nordmann, P., and Poirel, L.
(2011) NDM-1-producing Escherichia coli in Germany. Antimicrob.
Agents Chemother. 55, 1318-1319

Pfeifer, Y., Trifonova, A., Pietsch, M., Brunner, M., Todorova, I., Gergova, .,
et al. (2017) Clonal transmission of gram-negative bacteria with carba-
penemases NDM-1, VIM-1, and OXA-23/72 in a Bulgarian hospital.
Microb. Drug Resist. 23, 301-307

Rieber, H., Frontzek, A., and Pfeifer, Y. (2017) Molecular investigation of
carbapenem-resistant Acinetobacter spp. from hospitals in North Rhine-
Westphalia, Germany. Microb. Drug Resist. 23, 25-31

Simon, M., Gerlach, R. G., Pfeifer, Y., Pfennigwerth, N., Gatermann, S. G.,
Schroder, A., et al. (2022) Increased zinc levels facilitate phenotypic
detection of ceftazidime-avibactam resistance in metallo-p-lactamase-
producing Gram-negative bacteria. Front. Microbiol. 13, 977330

Weber, R. E., Pietsch, M., Frihauf, A., Pfeifer, Y., Martin, M., Luft, D., et al.
(2019) IS 26-mediated transfer of bla NDM-1 as the main route of
resistance transmission during a polyclonal, multispecies outbreak in a
German hospital. Front. Microbiol. 10, 2817

SASBMB

Mol Cell Proteomics (2026) 25(4) 101539 11


http://refhub.elsevier.com/S1535-9476(26)00035-6/sref49
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref49
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref50
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref50
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref50
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref50
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref51
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref51
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref51
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref51
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref52
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref52
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref52
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref53
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref53
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref53
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref53
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref54
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref54
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref54
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref55
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref55
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref55
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref55
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref55
http://refhub.elsevier.com/S1535-9476(26)00035-6/sref55
http://refhub.elsevier.com/S1535-9476(26)00035-6/optKQS3rRBPzo
http://refhub.elsevier.com/S1535-9476(26)00035-6/optKQS3rRBPzo
http://refhub.elsevier.com/S1535-9476(26)00035-6/optKQS3rRBPzo
http://refhub.elsevier.com/S1535-9476(26)00035-6/optKQS3rRBPzo
http://refhub.elsevier.com/S1535-9476(26)00035-6/opt2OybpOIR7H
http://refhub.elsevier.com/S1535-9476(26)00035-6/opt2OybpOIR7H
http://refhub.elsevier.com/S1535-9476(26)00035-6/opt2OybpOIR7H
http://refhub.elsevier.com/S1535-9476(26)00035-6/opt2OybpOIR7H
http://refhub.elsevier.com/S1535-9476(26)00035-6/optRennTH3P66
http://refhub.elsevier.com/S1535-9476(26)00035-6/optRennTH3P66
http://refhub.elsevier.com/S1535-9476(26)00035-6/optRennTH3P66
http://refhub.elsevier.com/S1535-9476(26)00035-6/optNptIHa49Pc
http://refhub.elsevier.com/S1535-9476(26)00035-6/optNptIHa49Pc
http://refhub.elsevier.com/S1535-9476(26)00035-6/optNptIHa49Pc
http://refhub.elsevier.com/S1535-9476(26)00035-6/optNptIHa49Pc
http://refhub.elsevier.com/S1535-9476(26)00035-6/optSOS9kr38md
http://refhub.elsevier.com/S1535-9476(26)00035-6/optSOS9kr38md
http://refhub.elsevier.com/S1535-9476(26)00035-6/optSOS9kr38md
http://refhub.elsevier.com/S1535-9476(26)00035-6/optG9XvJARxwj
http://refhub.elsevier.com/S1535-9476(26)00035-6/optG9XvJARxwj
http://refhub.elsevier.com/S1535-9476(26)00035-6/optG9XvJARxwj
http://refhub.elsevier.com/S1535-9476(26)00035-6/optG9XvJARxwj
http://refhub.elsevier.com/S1535-9476(26)00035-6/optWsIjyQHQyo
http://refhub.elsevier.com/S1535-9476(26)00035-6/optWsIjyQHQyo
http://refhub.elsevier.com/S1535-9476(26)00035-6/optWsIjyQHQyo
http://refhub.elsevier.com/S1535-9476(26)00035-6/optWsIjyQHQyo

	Antibiotic Resistance Detection and Concomitant Species Identification of ESKAPE Pathogens by Proteomics
	Methods
	Experimental Design and Statistical Rationale
	Sample Panel of ESKAPE Pathogens
	Antimicrobial Susceptibility Testing (AST)
	PCR-Based Detection of Resistance Genes
	Next Generation Sequencing (NGS)-Based Detection of Resistance Genes
	Bacterial Cultivation and Harvesting
	Sample Preparation for Proteomics
	Liquid Chromatography and Mass Spectrometry
	Species Identification Based on LC-MS1 Biotyping
	Peptide Identification
	Antimicrobial Resistance Detection

	Results
	Species Identification Based on LC-MS1 Biotyping
	AMR Detection by Proteomics

	Discussion
	Data Availability
	Code Availability
	Supplemental Data
	Author Contributions
	References


