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1 Abbreviations 
aa Amino Acid 

AAHC Antibiotic-Associated Haemorrhagic Colitis 

AIEC Adherent Invasive Escherichia coli 

AMR Antimicrobial Resistance 

CHCA matrix alpha-Cyano-4-hydroxycinnamic matrix 

ANI Average Nucleotide Identity 

bp Base pairs 

CI Confidence Intervall 

CRP C-reactive Protein 

Da Dalton 

DAEC Diffusely Adherent Escherichia coli 

EAEC Enteroaggregative Escherichia coli 

EHEC Enterohemorrhagic Escherichia coli  

EIEC Enteroinvasive Escherichia coli  

EPEC Enteropathogenic Escherichia coli 

EQA External Quality Assessment 

ESBL Extended-Spectrum Beta-Lactamases 

ESKAPE Enterococcus faecium, Staphylococcus aureus, Klebsiella 

pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, 

Enterobacter, identified by the WHO as priority pathogens for the 

development of new antibiotic treatment options 

ETEC Enterotoxigenic Escherichia coli 

ExPEC Extraintestinal Pathogenic Escherichia coli 
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GLM Generalised Linear Model 

GLMM Generalised Mixed-effect Model 

bGWAS Bacterial Genome Wide Association Study 

HGT Horizontal gene transfer 

ICU Intensive Care Unit 

IQR Inter Quartile Range 

m/z Mass to charge ratio 

MALDI-TOF  Matrix Assisted Laser Desorption Ionization-Time of Flight  

MB Megabase (i.e. million base pairs) 

MDR Multi-Drug Resistance 

MLST Multi-Locus Sequence Typing 

MRSA Methicillin Resistant Staphylococcus aureus 

MS Mass Spectrometry 

MSQ Mass Spectral Quality 

PCR Polymerase Chain Reaction 

rMLST Ribosomal Multi Locus Sequence Typing 

ST Sequence Type 

SNP Single Nucleotide Polymorphism 

SNV Single Nucleotide Variant 

UPEC Uropathogenic Escherichia coli 

USB University Hospital Basel 

spp. Species 

subsp. Subspecies 

UTI Urinary Tract Infection 
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WGS Whole genome Sequencing 

WHO World Health Organisation 
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2 Summary 
Infectious diseases are amongst the most common causes of morbidity and death. Moreover, 

the global increase of antimicrobial resistance (AMR) threatens to undo earlier achievements 

in modern medicine. Accurate and fast bacterial identification in clinical diagnostics is key, as 

it forms the basis of a tailored treatment. The most commonly used tool for bacterial species 

identification in clinical routine diagnostics is Matrix-Assisted Laser Desorption Ionization-Time 

of Flight Mass Spectrometry (MALDI-TOF MS). MALDI-TOF MS is fast, accurate, and cost-

effective. However, three key problems remain: (i) not all clinically relevant bacterial species 

can reliably be identified using MALDI-TOF MS; (ii) virulent strains within a species are not 

routinely identified; and (iii) the time from sample collection until an AMR profile is available 

still requires 48-72 hours. How can these critical aspects in diagnostics be overcome? And 

what would be the potential impact for the patient? 

In this thesis, I aimed to increase the resolution of bacterial identification by MALDI-TOF MS 

in clinical routine diagnostics with a focus on the genus Klebsiella (Chapter I) and the species 

E. coli (Chapter II) and to predict AMR from MALDI-TOF mass spectra, using machine 

learning approaches (Chapter V).  

In the first part of my thesis (Chapter I), I established a ribosomal marker-based approach to 

distinguish the species within the genus Klebsiella with MALDI-TOF MS. Next, I applied this 

to a large, international dataset of mass spectra (n=33,160) and AMR profiles (n=7,876) to 

identify species-specific trends in AMR profiles. Further, I linked the species classification to 

clinical outcomes compiled from a single healthcare centre (n=957 clinical cases). I found that 

strains of the K. oxytoca complex to be significantly more likely causes invasive infections than 

strains of the K. pneumoniae complex.  

To anticipate the course of an infection, it is necessary to know which bacterial strains have 

the potential to cause life-threatening diseases, such as sepsis. In the second project of my 

thesis (Chapter II), I, therefore, isolated over 1,000 E. coli strains from urinary tract- and 

bloodstream infections and compiled patient characteristics and outcomes of the respective 

clinical cases (n=831). Applying a bacterial genome wide association study (bGWAS), I 

substantiated papGII as an important, patient-independent bacterial factor for causing invasive 

infections (bacteraemia). However, I could not identify MALDI-TOF MS peaks specific for E. 

coli strains carrying this virulence factor and rapid sequence amplification-based diagnostics 

might be more suitable and faster.  

MALDI-TOF mass spectral quality (MSQ) is crucial for accurate species identification. While 

analysing MALDI-TOF mass spectra from different healthcare centres, I observed differing 

numbers of detected ribosomal marker masses. MSQ is currently not precisely defined nor 
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regularly assessed in diagnostic laboratories. I, therefore, sought to identify mass spectral 

features, which can be used to precisely describe MSQ and identify simple protocols yielding 

the highest MSQ for varying bacterial strains (Chapter III).  
Further, I identified a large heterogeneity of MSQ from mass spectra acquired in 36 

international diagnostic laboratories, mainly driven by a few particularly well or poorly 

performing MALDI-TOF MS devices and likely linked to sample preparation practices 

(Chapter IV). Applying the simple protocols identified in Chapter III improved MSQ for 

previously poorly performing devices/laboratories. The resolution of MALDI-TOF MS based 

bacterial identification can be improved with a high MSQ in clinical routine diagnostics. A 

standardised MSQ will likely benefit direct phenotype prediction by supervised classification 

algorithms (i.e. machine learning). 

To assess the potential of machine learning based analysis approaches to predict AMR from 

MALDI-TOF mass spectra, we compiled an extensive dataset of over 300,000 routinely 

acquired MALDI-TOF mass spectra with matching AMR data from four healthcare centres 

(Chapter V). We yielded accurate predictions for important species and clinically relevant 

antibiotic drugs: for Ceftriaxone (as an indicator for ESBL) for E. coli and K. pneumoniae, we 

yield an area under the receiver operating characteristic curve (AUROC) of 0.74 for both and 

for Oxacillin (as an indicator for MRSA) for S. aureus with an AUROC of 0.80. The 

classification was most accurate if the classifiers were trained on spectra of a single species 

acquired at the same centre and in close temporal proximity to the test set.  

Overall, my thesis showed (i) the potential of MALDI-TOF MS to identify bacteria with higher 

resolution, (ii) that AMR can accurately be predicted from MALDI-TOF mass spectra and (iii) 

high MSQ is essential to translate these advances into clinical routine diagnostics. 
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3 Introduction 
Microbes shape all forms of life. Eight percent of the human genome originates from ancient 

viral infections (1,2). Interactions with microbes can benefit animal and human hosts - resulting 

in a symbiotic relationship (3). However, microbes can also be the source of infection resulting 

in local inflammation and tissue damage induced by the host's immune response. The host-

microbe interactions are a major driver of (co-)evolution (4). Infectious diseases have been a 

burden on humanity since time immemorial and can be caused by eukaryotic parasites (5), 

fungi (6), yeasts (7), viruses (8), and bacteria (9).  

Up until the discovery of vaccines and antibiotic drugs, many bacterial infectious diseases, 

such as tuberculosis (10), whooping cough (11), and diphtheria (12) were life-threatening. 

Community acquired pneumonia (13), meningitis (14), and sepsis (15) remain a major threat 

to human health in many places around the globe. In the last few decades, and before the 

pandemic of COVID-19, deaths caused by infectious diseases have globally decreased 

(16,17), mainly because of vaccines (18), improved diagnosis (19), and antibiotic treatment 

(20). However, at the same time, the prevalence of antimicrobial resistant (AMR) bacterial 

strains is increasing globally (21,22). With it, the number of deaths attributed to infectious 

disease is predicted to increase again dramatically (23). This situation may challenge the 

achievements of modern medicine. A recent study by Cassini et al. showed that in 2015, 

671'689 infections with antibiotic-resistant bacteria accounted for an estimated 33'110 

attributable deaths and 874'541 disability adjusted life-years in the European Union (DALYs). 

In particular, the burden was highest in infants (aged <1 year) and people aged 65 years or 

older and had increased since 2007 (24). An international consortium (the Antimicrobial 

Resistance Collaborators) estimated 4.95 million deaths in 2019 globally were associated with 

bacterial AMR, 1.27 million deaths of which were directly attributed to the resistance (25). 
O'Neill estimated that the global burden of AMR will result in approximately 10 million deaths 

per year by 2050, exceeding deaths by cancer and resulting in economic costs of >10 trillion 

US Dollars (23). Why do AMR and hypervirulent bacterial strains evolve and spread so 

rapidly? And how can this profoundly worrisome development be prevented? 

Resistance or virulence can be developed either by point mutations (26) or by acquiring 

resistance and virulence genes (27). Point mutations arise de novo (28) and are confined to 

vertical transfer within a lineage, the acquisition of AMR and virulence genes is associated 

with horizontal gene transfer. This can drive their spread between different lineages (29) or 

even between bacterial species (30–33). Within a bacterial species, the genes can be 

assigned to the core- or the accessory genome: On one side, certain genes are shared 

amongst all strains of a species, this part is called the core genome (34); On the contrary, 



 11 

other genes occur only in one or a subset of the strains within the species, this part is called 

the accessory genome (35). Together, the core and accessory genome form the pan-genome, 

comprising all genes described in strains of this species (36). The size of the accessory 

genome of a species correlates with the lifestyle of a pathogen (37). Some pathogens have 

specialised life cycles with human cells as their specific niches (38), such as the intracellular, 

obligate human pathogens Chlamydia trachomatis (37) and Mycobacterium tuberculosis (39). 

They are understood to have a closed pan-genome, with no accessory genome (40,41). 

In contrast, other species can occupy various ecosystems and easily migrate between niches 

(42). Such versatile lifestyles are reflected by a large accessory genome, where a single strain 

can quickly adapt to new environments by adding beneficial functions from a large gene pool 

(43,44). Klebsiella spp. and Escherichia coli (E. coli) strains, both considered opportunistic 

pathogens within the family of Enterobacteriaceae, are known for their genome plasticity, 

which is mainly driven by the frequent exchange of mobile genetic elements (43,45). This rapid 

adaptation of gene repertoires can lead to heterogeneous phenotypes in closely related 

strains, affecting clinically relevant traits such as virulence and antimicrobial resistance (43). 

Especially during evolutionary bottlenecks such as antibiotic drug exposure, AMR genes may 

rapidly accumulate in the accessory genome (46,47). Thereby fluctuations in the accessory 

genome are pivotal for the variation of pathogenicity within a species. Can we readily identify 

this intra-species diversity using microbiological diagnostics?  

The main task of diagnostics is to identify the infection's causative agents and determine the 

pathogen-specific antibiotic resistance profile. The timely assessment of species and AMR 

profile allows (i) to estimate the virulence potential of an infection and (ii) to determine the 

most effective and optimal treatment (48). Kumar et al. showed that a delay in effective 

antibiotics results in a direct increase in mortality (49). Considering the phenotypic 

heterogeneity of closely related bacterial species and strains, this identification must be as 

precise as possible. Ideally, it enables the detection of hypervirulent or resistant strains and 

thereby anticipate the clinical course and what treatments have to be initiated. The current key 

challenges in microbiological routine diagnostics are: (i) the low taxonomic resolution, as not 

all clinically relevant bacterial species can be distinguished using routine diagnostic 

approaches (50–52) and (ii) the lack of readily available information about a pathogen's 

virulence (53) and AMR profile. Currently, culture-based classical phenotypic methods for 

AMR identification may take 48-72 hours (54). How can these important challenges in clinical 

routine diagnostics be overcome? 

My thesis aims to assess (i) whether the taxonomic resolution of bacterial identification in 

clinical routine diagnostics can be increased by optimising currently used methods (Chapter 
I and Chapter II), (ii) what clinical implication an increased resolution has (Chapter I and 

Chapter II), (iii) whether there are technical limitations to an increased resolution (Chapter 
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III), (iv) how technical limitations can be overcome in clinical routine diagnostics (Chapter IV), 

and (v) whether the turn-around time for the first evidence on AMR can be accelerated using 

new analytical approaches (Chapter V).  

3.1 Bacterial species identification in clinical diagnostics 

Rapid and precise bacterial species identification is the first and pivotal step in tailoring the 

appropriate treatment (55). Therefore, understanding the diagnostic workflow is key (Figure 
1). As the first step in clinical microbiology diagnostics, patient materials are collected. 

Depending on the clinical question, the samples are (i) either cultured on various growth media 

(56) or (ii) subjected to rapid Polymerase Chain Reaction (PCR) assays directly from the 

patient material. Both methods aim to substantially increase elements or the whole pathogen 

to increase the sensitivity of the detection method. While the identification via PCR is rapid, it 

is limited to targeted genes and is impossible to follow up with phenotypic analysis, such as 

antimicrobial resistance profiles. Therefore, the culture of bacterial infections is still the most 

commonly used approach. After several hours to days of incubation on solid media, visible 

colonies are subjected to species identification using a Matrix-Assisted Laser Desorption 

Ionization-Time of Flight (MALDI-TOF) Mass Spectrometry (MS) system (56). Time from 

sample collection to species identification requires, in most cases, around 24 hours using 

MALDI-TOF MS. If the identified species is of clinical relevance, an antimicrobial resistance 

profile is performed using various automated or manual methods such as broth microdilution, 

disc diffusion, or MIC gradient strips (57). The turn-around time in bacterial diagnostics is 

critical, as faster reporting is associated with improved clinical outcomes (58). Recent 

advances in sample preparation methods enable positive blood cultures to be subjected to 

direct MALDI-TOF MS measurements, using a specific protocol to remove host material such 

as erythrocytes and leukocytes. Applying this workflow yields a species identification almost 

24 hours before visible colonies can be picked from subcultured solid agar plates (48,59). 

Other advances aim to increase the taxonomic resolution of identification in clinical routine 

diagnostics. In the last few years, an increasing number of modern diagnostic laboratories 

have incorporated WGS in their diagnostic workflow and research repertoire to assess 

questions related to hospital epidemiology, unclear species assignments, AMR, and bacterial 

virulence (60). New technologies, such as WGS and MALDI-TOF MS, benefit from 

standardisation in the clinical routine diagnostic workflows. Standardisation is necessary to 

increase a methods reproducibility. High reproducibility is required to transition from a 

research tool to diagnostics. A standard tool to ensure high reproducibility in clinical routine 

diagnostics are external quality assessments (EQA). EQAs are used for comparing 

technologies and understanding the impact of variation in the operating protocols. Commonly, 
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EQAs focus mainly on the correct species identification and AMR profiling of selected samples 

without instructing on the laboratory methods to use (61,62). However, a more research-driven 

EQA may help to also profoundly understand the impact of a new technology at higher 

resolution and provide a deeper insight into the available new method. 

Despite the highly efficient diagnostic workflow, the time from sample collection to AMR profile 

can take up to 48 hours (54). Accelerating these turn-around times would be highly desirable, 

especially in a hospital context, where critically ill patients are treated. For this reason, 

substantial efforts are made to develop in-house or commercial methods, trying to reduce the 

time to identification and time to AMR profile. However, speed often comes with a lack of 

resolution. To resolve this problem, a major remaining question is, can MALDI-TOF MS and a 

high-resolution method such as whole genome sequencing (WGS) be combined? 
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Figure 1: Overview of the workflow in modern clinical, microbiological diagnostic laboratories 
for positive blood cultures, e.g. in sepsis diagnostics. 1: Collection of the patient sample in blood 

culture flasks; Processing of positive blood cultures with 2A: Rapid diagnostic assays, e.g. panel PCR, 

2B: MALDI-TOF MS directly from positive blood culture flasks, 2C: Sub-culturing on agar plate material 

from the positive blood culture; 3: Species identification using MALDI-TOF MS; 4: Determination of the 

AMR profile. 'PCR': Polymerase Chain Reaction, 'AMR': Antimicrobial Resistance, 'MALDI-TOF MS': 
Matrix-Assisted Laser Desorption Ionization-Time of Flight Mass Spectrometry 
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3.2 MALDI-TOF MS for microbial species identification 

The following section is adapted from:  

 

Aline Cuénod and Adrian Egli. "Advanced Applications of MALDI-TOF MS – Typing and 

Beyond." Book Chapter 9 Application and Integration of Omics-Powered Diagnostics in 

Clinical and Public Health Microbiology, edited by Jacob Moran-Gilad and Yael Yagel, 153–

73. Cham: Springer International Publishing, 2021. https://doi.org/10.1007/978-3-030-62155-

1_9. 

3.2.1 MALDI-TOF MS functions and workflow 

MALDI-TOF MS has become the most commonly used tool for microbial species identification 

in clinical routine diagnostics and has widely replaced species identification assays based on 

biochemical properties (63). MALDI-TOF MS assigns the bacterial species within minutes from 

cultured isolates (64) and has been shown to yield accurate results (65,66). How did MALDI-

TOF MS become so successful, and how does it work? 

Briefly, the routine MALDI-TOF MS works as follows: a small amount of bacterial material 

(from a single colony) is transferred onto a MALDI-TOF MS target plate, using a plastic 

inoculation needle or a wooden toothpick. The sample is then overlaid with 1 μl of formic acid 

(70% for laboratories using the microflex Biotyper system and 25% for other MALDI-TOF MS 

devices) air-dried and coated with 1 μl of alpha-Cyano-4-hydroxycinnamic (CHCA) matrix 

before measurement (Figure 2). Alternative sample preparation protocols recommend 

overlaying the sample directly with matrix, without pre-treatment with formic acid (67). The 

matrix serves as an energy absorbent organic compound, co-crystallising with the microbial 

sample. After the matrix has dried, the target plate is inserted into the mass spectrometer, 

where a vacuum is established. Subsequently, a laser beam (e.g. nitrogen or YAC laser) is 

fired on the sample-matrix crystals, evaporating and ionising the analytes in the sample. The 

ions are accelerated in electrostatic potential, in a manner dependent on the ions' mass and 

charge. Ions with a low mass/charge (m/z) ratio are accelerated more efficiently and reach a 

higher velocity, whereas ions with a higher m/z ratio fly comparably slower. After acceleration, 

the ions enter a flight tube without an electrostatic field, where they are separated according 

to their m/z ratio and detected at the end of the tube. The m/z ratio of an ion is determined by 

measuring the time required to travel through the flight tube. A MALDI-TOF mass spectrum is 

generated according to this time of flight (TOF) information and the strength of the recorded 

signal (in millivolt). The mass range in which peptides are detected in clinical routine 

diagnostics is 2,000 and 20,000 Daltons. Although many aspects of this workflow are 

standardised, the technical and biological reproducibility of MALDI-TOF MS is variable both 
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within and between different laboratories (68). At the end of this process, a mass spectrum is 

generated, containing approximately 50-150 peaks corresponding to the most abundant 

proteins. This information in itself is not helpful for a clinical assessment of an infection but 

has to be analysed to identify species.  

 

 
Figure 2: Schematic representation of the MALDI-TOF MS function and workflow. Processes 
outside the MALDI-TOF MS device are assigned numbers, inside the mass spectrometer are assigned 

letters. 1. A single bacterial colony is transferred onto a target plate, 2. overlaid with formic acid and / 

or Matrix solution, and 3. inserted into the device, where (A) a vacuum is established and (B) a laser 

shot is applied to the matrix-sample crystals. (C) The bacterial cells break open, and the analyte ions 

are accelerated in a manner dependent on their mass and their charge. (D) The analyte ions are 

separated in a field-free flight tube at the end of which they are (E) detected and recorded. 4. The 

recorded mass spectrum is compared to a reference database, yielding a species identification.  

3.2.2 Two analytic approaches allow species identification from MALDI-

TOF mass spectra 

Different inherent properties of the MALDI-TOF mass spectra are used to identify species. In 

any case, the location and intensity of the peaks are compared to a reference database of 

bacterial reference strains. There are mainly two analytic approaches for species identification 
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from MALDI-TOF mass spectra.  The two approaches differ in the kind of data deposited in 

the database. On the one hand, similarity-based databases contain a MALDI-TOF mass 

spectrum per bacterial strain, i.e. all detected signals, regardless of their protein identity (63). 

On the other hand, marker-based databases contain a list of masses per bacterial strain that 

correspond exclusively to known phylogenetic marker proteins (69). These two approaches 

are not mutually exclusive since the masses of known proteins are also present in the entire 

MALDI-TOF mass spectra. Nevertheless, both approaches have different advantages and 

disadvantages, briefly outlined in the following sections. 

3.2.2.1 Similarity-based species identification by MALDI-TOF MS 

Similarity-based databases contain a complete collection of all MALDI-TOF mass spectrum 

signals detected per bacterial strain. The assumption behind similarity-based approaches is 

that strains of each microbial taxon produce unique patterns when measured by MALDI-TOF 

MS, so-called "peptide mass fingerprints". Ideally, these fingerprints should assign measured 

strains unambiguously to single taxa. The two most widely used commercial systems in clinical 

microbiology diagnostics are the MALDI Biotyper (Bruker Daltonics, Bremen, Germany) and 

the VitekMS (bioMérieux, Marcy l’Étoile, France), which both rely on similarity-based 

approaches. Few similarity-based innovations, such as the SARAMIS database, additionally 

offer the possibility to weight specific peaks as more important for identification, reducing 

ambiguity in identification and increasing resolution (70,71).  

This similarity-based approach has multiple advantages: (i) it yields accurate identification on 

genus level and for many important bacterial species (72,73); (ii) the databases are 

straightforward to set up: as no information other than the correct species assignment has to 

be considered, no extensive computing power is required; and (iii) also peaks of unknown 

protein identity are considered which can increase the resolution of identification.  

However, similarity-based approaches have multiple important disadvantages: (i) Each 

database entry requires the acquisition of MALDI-TOF mass spectra from cultured strains, 

which puts a limit to the completeness of species that can be covered; (ii) varying culture 

conditions and growth media might reduce similarity scores, even of identical clones; and (iii) 

comparison to spectra based databases can yield ambiguous results and defining 

identification thresholds and their interpretation is not intuitive.  

3.2.2.2 Marker-based bacterial identification by MALDI-TOF MS 

In marker-based identification approaches, the acquired MALDI-TOF mass spectra are 

compared against databases of known masses, whose protein identity is often known and 

specific to bacteria of interest. Marker-based approaches have been applied to distinguish 

closely related bacterial species (74), clinically relevant lineages within a species (75,76), 
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bacterial strains carrying a particular antimicrobial resistance factor (77) or mobile genetic 

element (78). These approaches are often used as second-line identifications (74,79) when 

the approximate taxonomic affiliation of a bacterial strain has already been identified using 

similarity-based approaches.  

Discriminatory marker masses are (i) either identified empirically by comparing the MALDI-

TOF mass spectra of the group of interest to mass spectra from closely related strains or (ii) 

by predicting discriminatory mass shifts from genomic data (69). The former has the 

advantage of only interpreting signals that are measurable. Like similarity-based analyses, 

however, bacterial strains and MALDI-TOF mass spectra must be available, which are limited 

in their accessibility. The latter has the advantage of being able to use genomic databases, 

which are significantly more diverse and accessible.  

A large proportion of the peaks reproducibly detected in MALDI-TOF mass spectra correspond 

to ribosomal subunit proteins (80). Ribosomal subunit proteins are among the most abundant 

cytosolic proteins in replicating bacterial cells (81) and are often within the mass range of 

MALDI-TOF MS. They are rarely post-translationally modified, apart from N-terminal 

methionine loss, which can be accounted for when predicting the mass from amino acid 

sequences of these proteins (82). Several studies predicting m/z values from whole-genome 

sequences have focused on ribosomal subunit proteins and demonstrated an increase in 

resolution of bacterial identification by MALDI-TOF MS gained by this approach, compared to 

similarity-based identification approaches (69,76,83–85).  

The advantages of a marker-based approach predicting discriminatory peaks from publicly 

available genomic data are: (i) it yields an increased taxonomic resolution compared to purely 

similarity-based approaches; (ii) a more extensive and more diverse set of bacterial strains 

can be included, as surprisingly more genomic than MALDI-TOF data is publicly available; (iii) 

the specificity of the predicted mass shifts can be assessed on a large scale by accessing the 

strain diversity in public genome databases; and (iv) the comparison to marker-based 

databases make uncertainties in identification more apparent. In the case that a crucial marker 

mass is not detected, no ambiguous identification is assigned.  

The disadvantages of a marker-based approach are (i) the increased need for computing 

power and bioinformatic knowledge and (ii) no consideration of unknown peaks, which might 

increase the discriminatory power.  

Overall when it comes to marker-based approaches it is necessary to evaluate (i) which 

marker proteins can reproducibly be detected? (ii) What is the sensitivity and specificity of this 

gained resolution? (iii) What are the clinical phenotypes of the species/lineages which can be 

identified (Chapter I)? Besides species identification, MALDI-TOF MS has been further 

developed for additional applications, including the determination of antibiotic resistances. 
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3.2.3 Antimicrobial Resistance Testing Using MALDI-TOF MS 

3.2.3.1 Phenotypic Antimicrobial Resistance Testing Using MALDI-TOF MS 

MALDI-TOF MS can be used for phenotypic antibiotic susceptibility testing by either (i) 

detecting the enzymatic hydrolysis of the antibiotic substance (86,87) or (ii) by detecting 

growth vs no growth of the bacterial strain in the presence of the tested antibiotic (88,89).  

The detection of enzymatic hydrolysis is established for cephalosporins and carbapenems. 

For these, commercial and certified kits are available, yielding results after 30-60 minutes of 

incubation (86). In these assays a mass shift can be detected in the MALDI-TOF mass spectra 

specific to the cleavage of the antibiotic beta-lactam ring. Thereby, the beta-lactamase activity 

can be assessed independently of the bacterial species. However, such approaches fail to 

detect AMR resulting from mechanisms other than cleavage of the antibiotic, such as porin 

loss, the action of efflux pumps or alterations of the antibiotic target proteins. 

In contrast, growth assays can be applied to all bacterial species and antibiotic combinations, 

as growth in the presence of an antibiotic substance serves as a universal readout for AMR 

(88). However, the detection of antimicrobial resistance by MALDI-TOF MS requires 

detectable concentrations of bacterial cells, which can be heavily influenced by the sensitivity 

of the analyte ion detector. A detector, which is not sensitive enough, or low-quality mass 

spectra might lead to false negative results, reporting resistant strains as susceptible. This 

should be avoided at all costs in a clinical setting (so-called ‘very major error’) (54). Moreover, 

no unambiguous cut-off values (for instance, on the total intensity, the number of intracellular 

proteins detected) to discretely distinguish between resistant and susceptible strains have yet 

been established. Growth assays using MALDI-TOF MS have not yet been introduced to 

clinical diagnostics. Overall, all currently available phenotypic antimicrobial resistance tests 

are limited in their ability to detect AMR. Alternative routes for the detection of AMR from 

routinely acquired MALDI-TOF MS without prior antibiotic incubation need to be developed. 

3.2.3.2 Antimicrobial resistance prediction from routinely acquired MALDI-TOF mass 

spectra 

Multiple studies have aimed to distinguish antibiotic susceptible and resistant strains from 

MALDI-TOF mass spectra without the prior incubation with antibiotic substances (90–92). This 

has the advantage of providing information on the antimicrobial resistance pattern at the time 

of the species identification without the need for further data acquisition or hands-on time. 

Most of these studies have focused on one species - antibiotic combination and identified a 

single or a few peaks as discriminatory signals. Some discriminatory peaks correspond to 

protein biomarkers encoded on mobile genetic elements, also encoding the resistance 



 20 

mechanism. Examples of such biomarkers are PSM-mec encoded on the SCCmec cassette, 

which also encodes mecA in S. aureus, conferring resistance to methicillin (92) or a 

hypothetical protein encoded on a plasmid harbouring a carbapenemase, which is circulating 

within the family of Enterobacteriaceae and mainly within K. pneumoniae strains (78). More 

frequently, however, phylogenetic marker peaks have been identified, distinguishing resistant 

from susceptible lineages within a species and thereby serving as surrogate markers 

(75,93,94). Single peak identification has a series of serious disadvantages: (i) the association 

of these peaks to AMR might reflect the local spread of a resistant clone and might not be 

generalisable; (ii) AMR carried by a lineage or encoded on a mobile genetic element not 

carrying the peak in question cannot be identified; and (iii) MALDI-TOF mass spectra of poor 

quality can be noisy or low-signal, leading to incorrect AMR assignments. Therefore, additional 

methods were explored to overcome these problems (Chapter V). 

Multiple studies predict antimicrobial resistance from MALDI-TOF mass spectra using 

supervised classification algorithms (i.e. machine learning) focused on one species- antibiotic 

combination and focused on a limited amount of mass spectra acquired at one health care 

centre (94–96). These studies have important drawbacks: (i) they do not provide external 

validation of their classification algorithms (such as from strains collected at a different location 

or a different time point), (ii) they often do not assess whether their classifications would have 

clinical implications, and (iii) often do not evaluate which signals were most important for 

accurate classification. In considerations of these shortcomings and as MALDI-TOF MS 

exhibits large inter-laboratory variability (68) is not yet clear how this affects AMR prediction. 

Currently, AMR prediction from MALDI-TOF mass spectra is not yet routinely achieved.  

To evaluate the potential of MALDI-TOF MS for the prediction of AMR, a large-scale statistical 

analysis of routinely acquired mass spectra from different health care centres is required 

(Chapter V). Further, the impact of an early AMR prediction on clinical practice and antibiotic 

stewardship needs to be assessed. Especially, as there are several remaining challenges for 

bacterial identification using MALDI-TOF MS.  

3.2.4 Current challenges for MALDI-TOF MS in clinical routine diagnostic  

Although MALDI-TOF MS is already a highly valuable method mainly for species identification 

in modern microbiological diagnostic laboratories, the technique also has important limitations. 

Most crucially, some clinically relevant bacterial species or genomic features (i.e. AMR) cannot 

readily and reliably be identified.  

The low resolution for some species or features can have various reasons, such as (i) 

incomplete databases, (ii) close relatedness of the bacterial species of interest, and (iii) the 

variation in mass spectral quality. While I have addressed the limitation of the database in the 
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previous chapters and the similarity of the bacterial species or features is inherent, the quality 

of MALDI-TOF mass spectra quality remains to be improved. 

3.2.4.1 MALDI-TOF mass spectral quality 

The quality of MALDI-TOF mass spectra can be highly variable and impact the species 

identification (97,98). The criteria to assess MALDI-TOF mass spectral quality (MSQ) are 

currently not precisely defined. Consequently, the MSQ is rarely assessed in diagnostic 

laboratories. EQA focussing on the use of MALDI-TOF MS for microbial species identification 

have been reported (99), aiming to compare the ability of the participating laboratories to 

identify a specific set of bacterial strains. However, the resolution of species identification is 

heavily influenced by the reference database used, and little is known about the impact of the 

quality of the acquired mass spectra, independent of the database used.  

Although there are guidelines on sample preparation and interpretation of species 

identification results (such as by the MALDI-TOF MS manufacturers or by the Clinical and 

Laboratory Standard Institute (100)), many diagnostic laboratories have developed their own 

standard operating procedures and varying sample preparation protocols are used. Moreover, 

only a fraction of diagnostic laboratories regularly assesses the MALDI-TOF mass spectral 

quality, most often using the score assigned by the species identification database as only 

readout. The mass spectral quality in diagnostic laboratories is largely unknown. To translate 

marker-based species identification approaches to clinical routine diagnostics, a high mass 

spectral quality and the reproducible detection of marker masses is essential.  

Therefore, it has to be determined (i) how can MSQ best be described? (ii) which routinely 

used sample preparation protocols yield the highest MSQ (Chapter III)? (iii) what is the current 

MSQ in routine diagnostic laboratories? And (iv) can it be improved using simple workflow 

adaptations (Chapter IV)? An improved MSQ will enable increased resolution in bacterial 

identification. In this thesis, I focused on Klebsiella spp. and E. coli, as these are clinically 

highly relevant and include virulent (53,101) as well as resistant (102,103) lineages.  

3.3 The genus Klebsiella 

3.3.1 Taxonomic aspects within the genus Klebsiella 

The genus Klebsiella comprises rod-shaped, non-spore forming, Gram negative bacteria and 

is part of the family of Enterobacteriaceae. Currently, 18 species are published, of which ten 

have been newly described since 2004 (104–112) (Figure 3). These species are largely 

discrete from each other, where the closest average nucleotide identity (ANI) of the type-strain 
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genomes of two sister species is 96.21% (between K. grimontii and K. pasteurii), and the 

furthest is 85.67% (between R. terrigena and R. electrica).  

 

 
Figure 3: Core genome phylogeny constructed from the reference genomes of species and 
subspecies within the genus Klebsiella, excluding K. granulomatis, as no genomic sequence is 

publicly available for this species. The core genome alignment was compiled by panaroo (40), aligned 

using mafft (113) from which the tree was constructed using RaxML (114). Three complexes are 

highlighted: K. pneumoniae complex (green), the K. oxytoca complex (blue) and Raoultella (red). Tip 

labels consist of the species name, the year in which the species was first described in round brackets 

and the average nucleotide identity (ANI) to the closest species on the tree in square brackets calculated 

by fastANI (115). 
 

Within the genus there are three main phylogenetic clusters: (i) The Klebsiella pneumoniae 

complex, (ii) the Klebsiella oxytoca complex and (iii) species which have been assigned to the 

genus “Raoultella”. This assignment was based on gyrB sequences, but is debated, as it would 

render the genus Klebsiella polyphyletic (116).  
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The K. pneumoniae complex currently comprises five species, with two phylogenetic 

subspecies being described for the K. variicola and K. quasipneumoniae (104,112). The two 

subspecies defined within the species K. pneumoniae (K. pneumoniae subsp. 

rhinoscleromatis and K. pneumoniae subsp. ozaenae) cause distinct clinical phenotypes. 

However, genomic analyses have clarified that these correspond to clonal complexes within 

the species rather than forming distinct subspecies (117,118). The K. oxytoca group currently 

comprises six validly published species with no subspecies, and a recent study suggests the 

presence of three additional species (119). It has been proposed to reunify the genus 

Raoultella with the genus Klebsiella, as species of the two genera form one monophyletic 

clade, with the species assigned as ‘Raoultella’ being nested within the species of the genus 

Klebsiella (120). 

Two species are not assigned to the three complexes. Firstly K. aerogenes, previously 

classified within the genus Enterobacter (121), forms a distinct sister clade to the K. 

pneumoniae complex. Routinely identifying K. aerogenes is particularly important, as it carries 

an intrinsic active AmpC beta-lactamase (122). Secondly, K. indica (110) which is most closely 

related to the K. oxytoca complex (119). Moreover, K. granulomatis has validly been published 

(123). As neither a type-strain nor a complete genome sequence of this species is currently 

publicly available, its genotypic characteristics remain largely unknown. Overall, the Klebsiella 

genus is both genotypically and phenotypically highly variable. While the clinical relevance 

has been described for a few prevalent Klebsiella species, many have only recently been 

observed, and we are largely unaware of the clinical implications. The question that remains 

is, can we correlate different Klebsiella species with clinical phenotypes? 

3.3.2 Clinical importance of the genus Klebsiella 

Klebsiella spp. strains are found in natural environments (124), in association with plants (106) 

and colonise a wide range of animal hosts, including humans. Within humans, they are found 

in the gut, upper respiratory tract, and skin (125). In the human host, Klebsiella spp. strains 

can cause a variety of infections, including pneumonia, urinary tract infections, wound 

infections and severe diseases such as pyelonephritis, liver abscesses, sepsis and septic 

shock (103).  

3.3.2.1 Virulence  

Although all Klebsiella spp. have been described in a clinical context, the most frequently 

isolated and, consequently, the most studied species is K. pneumoniae (sensu stricto) (116). 

K. pneumoniae is estimated to cause 80-90% of infections attributed to the K. pneumoniae 

complex (117,126,127). In most cases, K. pneumoniae complex strains are considered 
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opportunistic pathogens, only occasionally causing disease, such as in immunocompromised 

patients, and are a leading cause of hospital-acquired infections (125,128,129).  

In contrast to K. pneumoniae complex strains, strains of the K. oxytoca complex have been 

described causing antibiotic-associated haemorrhagic colitis (AAHC), which is linked to the 

production of the cytotoxins tilivaline and tilimycin (119,130–132). Reports on the clinical 

presentations of Raoultella spp. infections are scarce but seem to resemble those of other 

Klebsiella spp. (133). Little is known about species-specific symptoms within the complexes. 

A recent paper from Japan did not find significantly different clinical phenotypes between 

infectious diseases caused by members of the K. pneumoniae complex (134). A Swedish 

study reported a higher mortality rate for bloodstream (135) infections caused by K. variicola 

strains than K. pneumoniae strains. A nationwide evaluation of the K. pneumoniae group in 

Norway found that K. variicola more rarely showed ESBL (136).  

Some hypervirulent Klebsiella spp. strains can cause severe, community-acquired infections 

in immunocompetent hosts, such as liver abscesses (53). Most K. pneumoniae liver 

abscesses are caused by a few clonal groups (118,137,138), most prominently, clonal group 

23 (53), which includes strains of ST23, ST26, ST57 and ST63 (53,139).  

Hypervirulent strains of the clonal group 23 have been reported to encode specific virulence 

factors, including the capsular type K1, the siderophores yersiniabactin, salmochelin, 

aerobactin, the genotoxin colibactin, and rmpA, which regulates the hypermucoid phenotype 

(45,53,117).  

3.3.2.2 Antibiotic resistance  

The number of multidrug-resistant Klebsiella spp. isolates being reported is increasing globally 

(103). Notably, K. pneumoniae is one of the ESKAPE pathogens (Enterococcus faecium, 

Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas 

aeruginosa, Enterobacter), which have been identified by the World Health Organisation 

(WHO) as priority pathogens for the development of new antibiotic treatment options (140). 

Strains of the K. pneumoniae complex are intrinsically resistant against ampicillin, with the 

SHV, OKP and LEN beta-lactamases responsible in K. pneumoniae, K. quasipneumoniae and 

K. variicola, respectively (103,141). The species within the K. oxytoca complex encode 

different versions of the OXY beta-lactamase (119). Most AMR genes within Klebsiella are 

carried on mobile genetic elements such as plasmids. Moreover, it is not uncommon for strains 

within this genus to carry multiple AMR plasmids simultaneously (103). Numerous AMR 

factors have been discovered first within K. pneumoniae before spreading to other 

Enterobacteriaceae species (103,142–146), including certain ESBL and carbapenem 

resistance genes and plasmid born resistance against colistin. In particular, ST258 and its 

derivative ST512 are associated with the carriage of KPC plasmids (103,147). K. pneumoniae, 
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therefore, plays a key role in disseminating AMR genes from environmental to clinical settings 

(148). Within K. pneumoniae, multidrug-resistance and hypervirulence are associated with 

distinct lineages (45) while only a few hypervirulent, multidrug-resistant strains have been 

reported (149,150). However, as factors determining multidrug resistance and hypervirulence 

are encoded on mobile genetic elements, this convergence is possible and a major threat to 

public health (45).  

3.3.2.3 Clinical diagnostics of Klebsiella spp.  

In clinical routine diagnostics, strains within the genus are often identified at the complex level, 

as multiple species are absent from the commonly used MALDI-TOF MS species identification 

databases (74,119) and cannot be uniquely identified biochemically (50,111,119). Further, the 

distinction of the recently described species within each complex is not yet achieved, their 

virulence phenotypes remain largely unknown. A recent genomic study showed differences in 

the occurrence of AMR and virulence factors between the species within the two complexes 

(151). K. variicola and K. grimontii less frequently harbouring AMR genes than their close 

relatives within the K. pneumoniae complex and the K. oxytoca complex, respectively (151). 

Estimates of the occurrence of the newly described species rely on genomic studies, which 

can be biased towards the clones of the highest clinical interest, such as multidrug-resistant 

clones. They might undersample clinically less conspicuous isolates.  

To assess the clinical phenotypes of the different Klebsiella spp. it needs to be evaluated (i) 

whether they can be distinguished in the clinical routine diagnostics using MALDI-TOF MS, (ii) 

how prevalent  the newly described Klebsiella spp. are in the clinical setting; and (iii) whether 

there is a difference in their AMR and virulence phenotypes (Chapter I).  
Within the family of Enterobacteriaceae, there are not only large differences in pathogenicity 

and AMR between the species (interspecies) but also within a species (intraspecies), most 

prominently within the species E. coli. 

3.4 The species Escherichia coli 

3.4.1 Taxonomic aspects within Escherichia coli 

E. coli are rod-shaped, non-spore forming, Gram negative bacteria and are part of the genus 

Escherichia within the family of Enterobacteriaceae. Within the E. coli species, deep branching 

phylogenetic groups (defined as phylogroups) have been identified (Figure 4 and Figure 5) 

(152). Based on a few housekeeping genes, eight E. coli phylogroups (A, B1, B2, C, D, E, F 

and G) were initially observed (152,153). A, B1, B2 and D represent the majority of isolated 

strains (43). The previously described ‘cryptic’ E. coli clades (153) have been proposed to be 
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classified as distinct species, and E. ruysiae has been described, encompassing the ‘cryptic’ 

E. coli clades III and IV (154). On the basis of genomic Mash distances (155) the E. coli 

phylogroups have recently been split up, and 14 phylogroups have been proposed, including 

two corresponding to strains of the genus of Shigella (156). Strains of the genus Shigella are 

intracellular pathogens causing dysentery (157,158). Four Shigella spp. have been defined on 

the basis of serotypes, S. sonnei, S. flexneri, S. boydii and S. dysenteriae (158). However, as 

the Shigella spp. strains fall within the E. coli phylogeny, and they are now considered as part 

of the species (159). Three Multi Locus Sequence Typing schemes have been developed for 

E. coli: (i) one scheme (‘EcMLST’), hosted at the University of Michigan (USA), which was 

developed initially for enteropathogenic E. coli (160), (ii) one scheme hosted at the Institut 

Pasteur (Paris, France) (161) and one hosted at the Warwick Medical School (Warwick, UK) 

(162) (163). Each of these schemes is based on varying combinations of seven different 

housekeeping genes, of which only ind is common to all (163). Of these schemes, the 

‘Warwick’ scheme is most frequently used, as it represents the core genome phylogeny most 

accurately (163,164). These phylogenetic classifications are based on variations of core 

genes. They only account for a fraction of the diversity within this species, whose accessory 

genome is many times bigger than its core genome (44). In species with a large accessory 

genome and varying gene contents, even in closely related strains, these schemes do not 

allow a definitive assessment of the clinical phenotype of a strain.  

E. coli have an open pan-genome currently including > 55,000 genes (44), with more genes 

being added constantly with the number of sequenced strains daily increasing. The core 

genome of this species is comparably small and comprises approximately 1,400 genes, which 

corresponds to 2.5% of the pan-genome and 30% of genes carried by a single E. coli strain 

(44). Within the species, very rapid changes in gene repertoires have been observed. These 

changes are mainly driven by the frequent acquisition of various mobile genetic elements (43) 
such as plasmids or prophages. This variability is reflected by diverging genome sizes of E. 

coli strains ranging from 4.2 - 6 million bp (43). Why is the genetic variability of E. coli clinically 

and diagnostically important? 
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Figure 4: Schematic representation of the phylogenetic classifications of the species E. coli and 
their hierarchy. ‘Species’: E. marmotae and E. ruysiae are closely related to E. coli and have recently 

been defined as separate species (154,165); ‘Phylogroups’: the E. coli phylogroups are deep branching 

clades within the species, which have first been described based on the sequence comparison on four, 

then eight housekeeping genes (152,153); ‘Clonal Complex’: Multiple ST which cluster together around 

a central ST are grouped into the same Clonal Complex; ‘Sequence Type’ (ST): Strains which share 

the same allelic profile for the seven housekeeping genes included in typing scheme are assigned the 
same ST; ‘Lineage’: closely related strains within an ST; ‘Strain’: Clones within the same lineage which 

share a very recent common ancestor.  

3.4.2 Clinical importance of Escherichia coli 

Due to its genetic variability, members of the species E. coli show a wide range of host and 

environmental adaptations, also resulting in a large diversity of clinically relevant phenotypes. 

E. coli are commonly found in soil, freshwater, and part of the healthy human microbiota. 

Moreover, certain strains of the species, most prominently K12 (166) with its many daughter 

strains such as DH5ɑ (167), have commonly been used as laboratory strains, making them 

well-studied model organisms of a generalist species (168,169). Within humans, E. coli can 

be pathogenic, causing intestinal and extraintestinal disease (43). Based on distinct clinical 

phenotypes and, in some cases, the presence of molecular markers, eight different E. coli 

pathotypes have been described (44,170).  
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3.4.2.1 E. coli pathotypes  

Pathotypes which cause diarrhoeal disease are separated into enteropathogenic E. coli 

(EPEC) (171), enterotoxigenic E. coli (ETEC) (172), enterohemorrhagic E. coli (EHEC) (173), 

enteroaggregative E. coli (EAEC) (174), diffusely adherent E. coli (DAEC) (175), adherent 

invasive E. coli (AIEC) (176) and enteroinvasive E. coli (EIEC) (177), which often comprise 

Shigella spp. strains. These diarrheagenic pathotypes are each defined by a specific set of 

virulence factors and cause similar pathology (178). E. coli strains, which are isolated from 

body sites other than the gastrointestinal tract, are termed extraintestinal pathogenic E. coli 

(ExPEC) (179) including uropathogenic E. coli (UPEC) (180) isolated from the urinary tract as 

a sub-category. UPEC implies that these strains are observed causing urinary tract infections 

or pyelonephritis and can lead to urosepsis. There is no genetic marker that exclusively 

defines this pathotype (178). 

The E. coli phylogroups have been associated with distinct pathotypes and clinical phenotypes 

(44): phylogroups A and B1 are linked to asymptomatic carriage in the human gut and 

frequently found isolated from freshwater samples (43,181); phylogroup E2 (182) and the 

Shigella (157) phylogroups are associated with intestinal infections and the phylogroups B2, 

D and F are associated with extraintestinal infection (183), such as urinary tract infections 

(UTI) and urosepsis (43,156) (Figure 5). However, these associations are loose, and no 

pathotype assignment can be deduced from the phylogroup. Indeed, the phylogroups B1 and 

B2 include specialised EHEC lineages, and phylogroup C comprises ExPEC strains (44).  
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Figure 5: Core genome phylogenetic tree constructed from one reference strain per E. coli 

phylogroup (156) and the type strain of the closely related species E. marmotae as outgroup. The 

core genome alignment was compiled by panaroo (40), aligned using mafft (113) from which the tree 

was constructed using RaxML (114). The clinical phenotypes to which these phylogroups have been 

associated are indicated.  

3.4.2.2 Urinary tract infections 

Urinary tract infections (UTIs) are amongst the most common infections in humans worldwide 

(184). E. coli is the single most common cause (185), responsible for roughly two-thirds of all 

UTIs (186,187) (Figure 6A). Human risk factors include increased age, immunosuppression, 

functionally and structurally compromised urinary tracts, catheterisation, and behavioural 

factors, such as sexual activity (188). UTI occurs much more frequently in women than in men. 

In women, infections are often asymptomatic or mild, whereas UTI in men is uncommon and 

often associated with predisposing risk factors such as structural abnormalities (188) or 
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hyperplasia of the prostate (189). Although 10% of women experience one episode of 

symptomatic UTI each year, host genetic factors, which influence the susceptibility to UTI are 

still minimally understood (188). Symptomatic UTIs are usually treated for the relief of 

symptoms.  

Due to efficient host defence mechanisms, such as the antibacterial activity of urine, including 

antibacterial peptides, an acid pH (190), and shearing forces of urine flow, bacterial pathogens 

require virulence factors to persist in the urinary tract (188,191). Host risk factors presumably 

reduce this requirement (192). Known virulence factors include polysaccharide capsules, iron 

capturing systems and adhesins, such as type I fimbriae, AfA adhesins, and pyelonephritis-

associated pili (P-pili) (193,194). P-pili consist of multiple subunits, with PapG forming the 

adhesive tip (Figure 6B), which binds to human uroepithelial and kidney cells (195,196). PapG 

binds to a glycolipid receptor which is expressed on cells of the human urinary tract. These 

receptors exist in different isoforms, which differ in the number of sugar residues in the 

glycolipid molecule (197). The minimal receptor is called GbO3. The addition of a single sugar 

creates GbO4, whereas two additional sugars create GbO5 (197). PapG exists in different 

isoforms: PapGI to PapGV, which bind with different specificities to the varying receptor 

isotypes. Of these, papGII has been associated with invasive UTI, including pyelonephritis 

and urosepsis (198). PapGII binds the GbO4 globoseries of glycosphingolipids (GalNAcβ1-

3Galα1-4Galβ1-4GlcCer) which is abundant on cells of the upper urinary tract of humans, 

whereas the PapGIII preferably binds to GbO5 (GalNAcα1-3-GalNAc3Galα1-4Galβ1-

4GlcCer) (199,200). It has been shown that, on average, strains of the ExPEC phylogroups 

harbour a higher number of these virulence factors than strains of the carriage associated 

phylogroups (198). However, the distribution of these factors is heterogeneous within a 

phylogroup (44) and the phylogroup membership alone does not allow a definitive conclusion 

about the virulence potential of an E. coli strain. The most common UPEC Sequence Types 

(STs) isolated worldwide are ST69, ST73, ST95 and the ESBL associated ST131 (201,202).  

Despite the knowledge on bacterial virulence and host risk factors, these are often analysed 

separately and rarely concurrently. In order to understand their interplay and epidemiological 

dynamics, a concurrent analysis is required (Chapter II). Does the ST information allow 

assessment of the AMR risk of a pathogen? 
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Figure 5: A: Schematic representation of an ascending Urinary Tract Infection (UTI). The name 
of the infection is given in brackets next to the respective organ name; B: Schematic representation of 

the E. coli pyelonephritis associated pilus (P-Pilus). Both schemes were adapted from Klein et al., 

Nature Reviews Microbiology, 2020 (203) 

3.4.2.3 Antibiotic resistance 

AMR is frequent in E. coli (204) with epidemiological survey studies reporting up to 60% of 

ExPEC isolates to be resistant against at least three antibiotic classes (21,205,206). The 

increase of AMR within ExPEC has been driven by a few successful lineages, most 

prominently ST131 (207,208). ST131 is associated with the carriage of an multi-drug resistant 

(MDR) plasmid, which encodes a CTX-M extended-spectrum beta-lactamase (209) and 

additionally carries a metallo-beta-lactamase conferring resistance to carbapenems 

(206,210). ST131 subclade C moreover encodes fluoroquinolone resistance, which is 

conferred via point mutations in both the DNA gyrase gyrA and the DNA topoisomerase parC 

(206,211,212), which have later been acquired by ST1193, another globally successful UPEC 

clone (213,214).  

3.4.3 Laboratory diagnostics of Escherichia coli 

E. coli grows well on standard 5% sheep blood agar plates and does not require any specific 

supplement (215). E. coli is commonly identified in microbiological diagnostics using MALDI-

TOF MS or by biochemical profiling from single bacterial colonies. MALDI-TOF MS accurately 

identifies E. coli strains as such but does not distinguish the E. coli phylogroups and 

consequently assigns Shigella spp. as E. coli (216). Given the large heterogeneity in their 

clinical phenotype, the distinction of strains carrying important virulence factors is required to 
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assess the virulent potential of an E. coli strain. Rapid PCR assays exist to detect the diarrhoea 

associated pathotypes EIEC (including Shigella), EAEC, EPEC, ETEC and STEC (217). 

However, as no genetic determinants yet uniquely define the ExPEC pathotypes, no such 

assays exist for the early detection of virulent UPEC clones, which would allow identifying 

patients at risk for an invasive infection leading to urosepsis. An early distinction of virulent 

UPEC strains, potentially causing severe disease and commensal E. coli strains with only a 

limited virulence potential, would allow for an early adaptation of clinical treatments, adapt 

clinical follow-ups, and promote antibiotic stewardship.  

It is, therefore, necessary to investigate (i) which E. coli virulence and patient characteristics 

are most important for the invasive progression of a UTI and (ii) whether virulent UPEC clones 

can be distinguished using MALDI-TOF MS (Chapter II). 
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4 Aims of the thesis 
With the work presented in this thesis, we aim to (i) increase the accuracy of bacterial 

identification, virulence and AMR assessment in clinical routine diagnostics using MALDI-TOF 

MS and (ii) generate new knowledge about pathogenicity and outcomes of the host-pathogen 

interaction. More precisely, we focus on improving species and sub-species identification 

within Klebsiella spp. (Chapter I) and E. coli (Chapter II), addressing virulence. Further, we 

define (Chapter III) and improve (Chapter IV) MSQ in clinical routine diagnostics. Finally, we 

investigate the possibilities of detecting AMR using MALDI-TOF MS (Chapter V).  

 

The aims of this thesis are to: 

1. Distinguish the species within the genus Klebsiella using MALDI-TOF MS and assess 

their clinical phenotypes (Chapter I).  
We aim to achieve this by answering the following questions: 

- Do publicly available genomic data give evidence that the different Klebsiella 

spp. differ in virulence and AMR? (Page 46-50) 

- Which ribosomal marker masses can reproducibly be detected in MALDI-TOF 

mass spectra of routine quality acquired at multiple healthcare centres? (Page 

51) 

- What is the sensitivity and specificity of a marker-based analytical approach for 

MALDI-TOF MS on species and complex levels? (Page 53) 

- Do the Klebsiella spp. exhibit varying phenotypic AMR profiles? (Page 55-56) 

- Is there a difference in virulence between the different Klebsiella spp.? (Page 

56-57) 

2. Elucidate which E. coli genetic factors and host characteristics have the greatest 

impact on the progression of UTI using a bacterial genome wide association study 

(bGWAS) and whether virulent E. coli strains can be identified in MALDI-TOF mass 

spectra (Chapter II). 
We aim to achieve this by answering the following questions: 

- Is there a difference between the phylogroup and ST distribution of E. coli 

strains (i) causing UTI vs urosepsis and (ii) isolated from different patient 

populations? (Page 77) 

- Which bacterial genes and host characteristics are most commonly associated 

with invasive UTIs? (Page 79-81) 

- Is there a difference in host immune response to E. coli strains carrying vs not 

carrying this virulence factor? (Page 82) 
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- Can virulent/invasive E. coli strains be recognised using MALDI-TOF MS? 

(Page 81) 

3. Identify mass spectral features that can serve as good proxies for mass spectral quality 

and sample preparation protocols yielding highest mass spectral quality (Chapter III). 
We aim to achieve this by answering the following questions: 

- Which MALDI-TOF mass spectral features differ between mass spectra which 

are correctly classified on the species level and mass spectra which are not 

correctly identified? (Page 99-101) 

- Using these spectral features as proxies for MSQ: which routinely used sample 

preparation protocols yield the highest MSQ for unknown samples? (Page 102-

106) 

- Are there differences in how different phylogenetic groups yield the highest 

MSQ? (Page 106-107) 

4. Assess the mass spectral quality in routine diagnostic laboratories around the world 

and test whether it can be improved using simple workflow adaptations (Chapter IV). 

We aimed to achieve this by answering the following questions: 

- What MSQ do 36 laboratories in 12 countries achieve when measuring a well-

defined set of diverse bacterial strains using their routine laboratory procedure? 

(Page 127-128) 

- Can these differences be linked to specific protocols and machine setups? 

(Page 130-131) 

- Can the assessed MSQ in the 36 laboratories be improved using simple 

workflow adaptations and the same strain set? (Page 132-133) 

5. Predict AMR from MALDI-TOF mass spectra acquired in clinical routine diagnostics 

using machine learning algorithms (Chapter V). 

We aim to achieve this by answering the following questions: 

- Is the prediction from MALDI-TOF mass spectra more accurate than the 

prediction using the species information alone? (Page 145) 

- Which algorithms yield the highest performance? And are there differences 

between specific bacteria and antibiotics? (Page 147) 

- Is the prediction more accurate when the training set consists of mass spectra 

of a single bacterial species or of all species combined? (Page 150) 

- How do classifiers perform if the training dataset was acquired at timely or 

geographical distance from the test dataset? (Page 148-150) 
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5 Results 

Chapter I: Whole-genome sequence-informed MALDI-TOF MS 

diagnostics reveal importance of Klebsiella oxytoca group in 

invasive infections: a retrospective clinical study 
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- Acquisition of AMR profiles  

- Biochemical profiling  
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- Pre-processing of MALDI-TOF mass spectra (peak picking, calibration) 

- Species identification from MALDI-TOF mass spectra 
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- Visualisation of the data (Figure 3, Figure S1, Figure S3, Figure S5) 

- Writing of the original manuscript. 
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Abstract: 
 
Background: Klebsiella spp. are opportunistic pathogens which can cause severe infections, 

are often multi-drug resistant and a common cause of hospital acquired infections. Multiple 

new Klebsiella species have recently been described, yet their clinical impact and antibiotic 

resistance profiles are largely unknown. We aimed to explore Klebsiella group- and species-

specific clinical impact, antimicrobial resistance (AMR) and virulence. 

Methods: We analysed whole genome sequence data of a diverse selection of Klebsiella spp. 

isolates, and identified resistance and virulence factors. Using the genomes of 3,594 Klebsiella 

isolates, we predicted the masses of 56 ribosomal subunit proteins and identified species-

specific marker masses. We then re-analysed over 22,000 MALDI-TOF mass spectra routinely 
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acquired at eight healthcare institutions in four countries looking for these species-specific 

markers. Analyses of clinical and microbiological endpoints from a subset of 957 patients with 

infections from Klebsiella species were performed using generalized linear mixed-effects 

models. 

Results: Our comparative genomic analysis shows group- and species-specific trends in 

accessory genome composition. With the identified species-specific marker masses, eight 

Klebsiella species can be distinguished using MALDI-TOF MS. We identified K. pneumoniae 

(71.2%;n=12,523), K. quasipneumoniae (3.3%;n=575), K. variicola (9.8%;n=1,717), "K. 

quasivariicola" (0.3%;n=52), K. oxytoca (8.2%;n=1,445), K. michiganensis (4.8%;n=836), K. 

grimontii (2.4%;n=425), and K. huaxensis (0.1%;n=12). Isolates belonging to the K. oxytoca 

group, which includes the species K. oxytoca, K. michiganensis and K. grimontii, were less 

often resistant to 4th generation cephalosporins than isolates of the K. pneumoniae group, 

which includes the species K. pneumoniae, K. quasipneumoniae, K. variicola and "K. 

quasivariicola" (Odds Ratio=0.17, p<0.001, 95% Confidence Interval [0.09,0.28]). Within the 

K. pneumoniae group, isolates identified as K. pneumoniae were more often resistant to 4th 

generation cephalosporins than K. variicola isolates (Odds Ratio=2.61, p=0.003, 95% 

Confidence Interval [1.38,5.06]). K. oxytoca group isolates were found to be more likely 

associated with invasive infection to primary sterile sites than K. pneumoniae group isolates 

(Odds Ratio=2.39, p=0.0044, 95% Confidence Interval [1.05,5.53]). 

Conclusions: Currently misdiagnosed Klebsiella spp. can be distinguished using a ribosomal 

marker-based approach for MALDI-TOF MS. Klebsiella groups and species differed in AMR 

profiles, and in their association with invasive infection, highlighting the importance for species 

identification to enable effective treatment options. 

  
Keywords: MALDI-TOF MS, Klebsiella spp., invasive infections, antimicrobial resistance, 

species identification 

 

Background 
Klebsiella spp. are opportunistic pathogens, resident as respiratory and intestinal microbiota, 

and are commonly isolated during severe infections such as sepsis, pneumonia, and 

pyelonephritis (218,219). Particularly hypervirulent strains of K. pneumoniae, which have been 

linked to specific capsular factors resulting in a muco-viscous phenotype, cause pyogenic liver 

abscesses and sepsis (220,221). In addition, the number of multi-drug resistant (MDR) 

isolates is increasing globally, carrying plasmids encoding for extended spectrum beta-

lactamase (ESBL) or carbapenemase genes (222,223). K. pneumoniae is part of the ESKAPE 

pathogens (Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, 
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Acinetobacter baumannii, Pseudomonas aeruginosa, Enterobacter) which were classified by 

the WHO in 2017 as critical priority pathogens for research and development of new antibiotic 

treatment modalities (140).  

The taxonomy of the genus Klebsiella has been in flux for the past few years, divided into two 

main groups: the K. pneumoniae and the K. oxytoca group. Recently, several new species 

have been described within the K. pneumoniae group, which includes: K. pneumoniae (sensu 

stricto), K. quasipneumoniae (224), K. variicola (106), "K. quasivariicola" (225) and K. africana 

(226). The K. oxytoca group comprises K. oxytoca (sensu stricto), K. michiganensis (107), K. 

grimontii (109), K. spallanzanii and K. pasteurii (105). K. huaxensis (108), is more closely 

related to the K. oxytoca group than to the K. pneumoniae group, but forms a distinct clade 

(Figure 1A). Most of the Klebsiella spp. have been observed within a clinical context 

(105,108,109,225,227,228). The K. oxytoca group has been reported to cause antibiotic-

associated haemorrhagic colitis in neonates, and hospital acquired infections such as 

pneumonia and urinary tract infections (UTI) (130,229). Previous studies have analysed the 

population structure of a subset of Klebsiella spp. (141,225,230). The gained knowledge from 

these studies could however not yet be translated to clinical routine diagnostics and the clinical 

relevance of these recently described Klebsiella spp. is still unclear. 

The newly described Klebsiella spp. are not yet identified with routine hospital based 

diagnostic procedures. Biochemical reaction profiling cannot distinguish between all Klebsiella 

spp. (51,227), neither is 16S rRNA a good sequencing target for species distinction within 

Enterobacteriaceae (231). The most widely used technology for bacterial species identification 

in microbiological routine diagnostics is Matrix Assisted Laser Desorption Ionization - Time Of 

Flight Mass Spectrometry (MALDI-TOF MS) (63). The two commonly used commercial 

databases (MALDI Biotyper (MALDI Biotyper Compass Library, Revision E (Vers. 8.0, 7854 

MSP, RUO) Bruker Daltonics, Bremen, Germany) and VitekMS DB (v.3.2, bioMérieux, Marcy-

l’Étoile, France) allow spectral identification of K. pneumoniae, K. variicola and K. oxytoca. 

Importantly, "K. quasivariicola", K. quasipneumoniae, K. africana, K. michiganensis, K. 

grimontii, K. pasteurii, K. spallanzanii, and K. huaxensis are currently not included in these 

databases, and strains of these species are wrongly identified as either K. pneumoniae or K. 

oxytoca using MALDI-TOF MS (227). Fortunately, recent developments show that a distinction 

of Klebsiella spp. is possible in routine diagnostics, using Fourier-transform infrared 

spectrometry (232) and MALDI-TOF MS using alternative databases (233).  

Ribosomal subunit proteins are suitable as phylogenetic protein markers for MALDI-TOF mass 

spectra, as they are highly abundant in replicating cells and of relatively low molecular weight 

(234,235). Combinations of ribosomal subunit protein derived masses allow the separation of 

sub-lineages within Escherichia coli (83) and Streptococcus agalactiae (76) by MALDI-TOF 

MS. 
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The aim of our study was to investigate the clinical presentation and distribution of AMR and 

virulence across the genus Klebsiella. Furthermore, using whole genome sequences we 

aimed to develop a ribosomal subunit based MALDI-TOF MS scheme to robustly distinguish 

between Klebsiella spp. in clinical routine and to apply this on a large international dataset. 

 

Methods 
An outline of the study method is given in Additional file 1: Figure S1. 

 
Ethics 
Bacterial strains have been collected in clinical routine diagnostics. The collection of bacterial 

strains and their analysis for diagnostic assay development do not fall under the Swiss human 

research act and no ethical approval nor consent to participate from patients was required. 

The analysis of patient demographic and clinical outcome data was approved by the 

‘Ethikkommission Nordwest- und Zentralschweiz’ (EKNZ) (BASEC-Nr. 2016-01899 and 2018-

00225) for patients who did not reject the hospitals general research consent. Patients who 

did reject the hospital’s general consent were excluded from all analyses which include patient 

demographic and clinical outcome data. 

 

Bacterial isolates and whole genome sequencing (WGS) 
261 Klebsiella spp. isolates were collected from various tissue sources (see Additional file 
2: Table S1 for more details) at three routine diagnostic laboratories in Switzerland including 

the University Hospital of Basel (USB; Basel, Switzerland), Mabritec AG (Riehen, 

Switzerland), and Labor Team W AG (LTW; Goldach, Switzerland)). Isolates were grown on 

Columbia 5% Sheep Blood Agar (bioMérieux, Marcy-l’Étoile, France) and DNA was extracted 

using the QIACube with the QIAamp DNA Mini Kit (QIAGEN, Hilden, Germany). After quality 

control of the DNA by Tapestation (Agilent, Santa Clara, USA), tagmentation libraries were 

generated as described by the manufacturer (Nextera XT kit, Illumina, San Diego, USA). The 

genomes were sequenced under 24x multiplexing using a 2 × 300 base pairs V3 reaction kit 

on an Illumina MiSeq instrument reaching an average coverage of approximately 60-fold for 

all isolates. 11 isolates, covering reference and clinical isolates of 6 species were additionally 

sequenced on a PacBio Sequel at the Functional Genomics Center Zurich (FGCZ, ETH 

Zurich, Switzerland). 

All available whole genome assemblies designated as Klebsiella spp. were downloaded from 

NCBI in December 2017 (n=3,047), representing members of the species K. pneumoniae, K. 

quasipneumoniae, K. variicola, "K. quasivariicola", K. oxytoca, K. michiganensis, K. grimontii, 
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K. huaxensis, K. aerogenes and three species of the genus Raoultella (R. ornithinolytica, R. 

planticola and R. terrigena). An additional selection of publicly available K. pneumoniae whole 

genome sequences were included from NCBI SRA, which was sampled to maximize diversity 

(n=286) (141). Two sets of Klebsiella spp. genomes were used for this study: first, a total of 

n=3,594 publicly available genome sequences including the 3,333 described above, and the 

261 sequenced at the USB, were used to in silico predict ribosomal protein masses. The 

species identity of these genome sequences was determined by comparison to the type-

strains of K. pneumoniae, K. quasipneumoniae, K. variicola, "K. quasivariicola", K. oxytoca, K. 

michiganensis, K. grimontii, K. huaxensis R. ornithinolytica, R. planticola and R. terrigena 

using Average Nucleotide Identity (ANIm) and a threshold of 96%. Second, a computationally 

more manageable subset of these genomes (n=999) was used for comparative genomic 

analyses, selected to represent the largest genomic diversity between and within species, and 

geographically. This subset included all assemblies of K. quasipneumoniae, K. variicola, "K. 

quasivariicola", K. oxytoca, K. michiganensis, K. grimontii, and K. huaxensis. For K. 

pneumoniae, only strains sequenced at USB and the previously published, diverse set of 

sequences (141) were included. To avoid bias introduced by outbreak strains, we excluded 

genomes which shared ANIm values > 99.9% with another genome in the collection, resulting 

in a final dataset of n=548 genomes. Both datasets, including accession numbers and those 

of the short and long reads sequenced for this study, can be found in Additional file 2: Table 
S1. K. africana, K. pasteurii, and K. spallanzanii were not included in this analysis as the 

species were not published at the time of the analysis and are extremely rare in clinics.  

 
Comparative genomic analysis 
WGS data was quality controlled using FastQC (236) and MetaPhlAn (v2.0) (237) and 

adaptors were trimmed using Trimmomatic (238). Genome assemblies were created using 

Unicycler (v0.4.4) (239). Prokka (1.12) (240) was used for annotation. Orthologous groups 

were built using Roary (v3.10.2, option: -i 90) (241). The resulting core-genome alignment was 

used for the construction of a phylogenetic tree using FastTree (v2.1) (242,243). The sizes of 

the core- and pan-genomes were calculated using a python script () (244).  

The O-loci and K-loci were determined using KLEBORATE (v0.3.0) (245–247). The genomes 

were investigated for the presence of known virulence loci (those included in KLEBORATE 

and the cytotoxin tilivalline (131)) and AMR determinants (via KLEBORATE). Potential 

plasmids were detected by comparing the genomes to the PlasmidFinder database (248) 

using abricate (249). Genomic analyses were performed at sciCORE 

(http://scicore.unibas.ch/) scientific computing center at University of Basel. 

Scripts generating figures from the output of these tools were deposited on GitHub (244).  
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In silico prediction of ribosomal subunit protein masses from WGS data 
The molecular weight of 56 ribosomal subunits were predicted in silico as described [26]: 

Tblastn (v 2.2.31+) was used to extract the amino acid sequences of 56 ribosomal subunits 

from 3,594 Klebsiella spp. assemblies. Full ribosomal subunit sequences were retained when 

start and stop codons were identified and the length was within the median ±3 codons. The 

subunits L1, L2 and S12 were not found in over 90% of the genomes and were therefore 

excluded from further analysis. The ribosomal subunit protein S1 was also excluded because 

S1-like domains are found in proteins unrelated to the ribosome [40]. The masses of the 

ribosomal subunit proteins alleles were predicted including the N-end rule to account for 

possible methionine loss at the N-terminus (250). The mass of subunit L33 was corrected by 

15 Daltons to account for post translational methylation (251). 

 

Definition of species-specific MALDI-TOF MS marker masses 
A diverse selection of bacterial isolates (n=50) representing at least eight isolates of K. 

pneumoniae, K. variicola, K. oxytoca, K. michiganensis, and K. grimontii, whole genome 

sequenced for this study, were used to validate the detection of the predicted marker masses 

in MALDI-TOF mass spectra. These represent the most common species within the K. 

pneumoniae and the K. oxytoca group (141,222,230). MALDI-TOF mass spectra of these 50 

Klebsiella isolates were acquired on four MALDI-TOF MS systems in different laboratories, 

including one microflex Biotyper (Bruker Daltonics, Bremen, Germany) at the USB (Basel, 

Switzerland), one Axima Confidence (Shimadzu, Ngoyo, Japan) at Mabritec AG (Riehen, 

Switzerland) and two VitekMS devices (bioMérieux, Marcy-l’Étoile, France) at the 

Laborgemeinschaft 1 (LG1) (Zürich, Switzerland) and the Scuola universitaria professionale 

della Svizzera italiana (Bellinzona, Switzerland). The Klebsiella isolates were measured on 

each system in quadruplicate using direct smear method and overlaid with formic acid (70% 

for the spectra acquired on the Microflex Biotyper and 25% for all other machines) and cyano-

4-hydroxycinnamic acid (CHCA) matrix solution. MALDI-TOF mass spectra acquired on the 

VitekMS (bioMérieux, Marcy-l’Étoile, France) (n=400 spectra) were output as .mzml files 

containing a list of peaks per spectrum. For MALDI-TOF mass spectra acquired on the Axima 

Confidence (n=200 spectra) peak picking was performed using the Launchpad Software (v2.8, 

Shimadzu, Ngoyo, Japan) (parameters: scenario: ‘Advanced’; peak width: 80 chans; 

smoothing method: ‘Average’; smoothing filter width: 500 chans; peak detection method: 

‘Threshold-Apex’; threshold type: ‘dynamic’; threshold offset: 0.025 mV; threshold response 

1.25x). MALDI-TOF mass spectra acquired on a microflex Biotyper (n=200 spectra) were 

output as fid-files and peak picking was performed in the flexAnalyses software (v3.4) 
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(parameters: peak detection: ‘Centroid’; signal to noise threshold: 2; relative intensity 

threshold: 0%; minimal intensity threshold: 600; maximal number of peaks: 300; peak width: 

4 m/z; peak height: 90%; baseline subtraction: ‘TopHat’; smoothing algorithm: ‘Savitzky 

Golay’; smoothing width: 2 m/z; smoothing cycles: 10). All MALDI-TOF mass spectra were 

internally calibrated with the conserved masses 4365.3 m/z, 6383.5 m/z, 7158.7 m/z, 7244.5 

m/z, 10286.1 m/z and a tolerance range of 1,000 ppm, using the R-packages MALDIQuant 

and MALDIQuantForeign (252). All spectra were exported in ASCII format and interrogated 

for the ribosomal subunit protein allele masses predicted from the respective WGS data. : We 

used the following criteria to select the ribosomal target proteins for subsequent species 

identification, in order to maximise discriminatory power and reproducibility: ribosomal subunit 

protein masses in the mass range from 3,000-13,000 Da (L36, S22, L34, L30, L32, L33, L35, 

L29, L31, S21, L27, S20, S15, S19, L25, S14, L21, L18) were selected if they were detected 

with a reproducibility >80% in a least one center, with the exception of ribosomal subunit L28, 

which had a maximal reproducibility of 57%. Additionally, ribosomal subunit protein masses in 

the higher mass range from 13,000-15,000 Da (L19, S13, L20, S8, L17, S9) were included, 

as they were detected with a reproducibility of at least 35% in at least one center. Ribosomal 

subunits with a predicted molecular weight >15’000 Da were not included for further analysis. 

The bacterial species was assigned for which most marker masses could be detected in the 

acquired mass spectrum. If in a spectrum an equal number of marker masses from different 

Klebsiella species were found, the spectrum was assigned a multi-species ID (e.g. K. 

michiganensis / K. oxytoca) and labelled as “Multispecies ID only”. 

 
Classification of MALDI-TOF mass spectra acquired in routine microbiology 
diagnostics 
Routinely acquired MALDI-TOF mass spectra (n=33,160) from eight international healthcare 

institutions from four countries were analysed: the Soroka Medical Centre (SMC; Beer Sheva, 

Israel); the Hospital General Universitario Gregorio Marañón (HGUM; Madrid, Spain); the 

Servizio di microbiologia EOLAB, Ente Ospedaliero Cantonale (Bellinzona, Switzerland); the 

LG1, (Zurich, Switzerland); the LTW (Goldach, Switzerland); the USB (Basel, Switzerland); 

the Maastricht University Medical Center (MUM; Maastricht, the Netherlands); and the 

University Medical Center Groningen (UMCG; Groningen, the Netherlands). The MALDI-TOF 

mass spectra were processed as described above. Each routinely acquired spectrum was 

interrogated for the presence of the reproducibly detected ribosomal protein subunit derived 

mass combinations, with an accepted error range of 300 ppm. 10,814 MALDI-TOF mass 

spectra were from duplicated bacterial isolates and excluded from further analysis, leading to 

a final number of 22,346 MALDI-TOF mass spectra representing unique bacterial isolates. 
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Phenotypic profiling 
The same collection of Klebsiella spp. strains (n=50), which were used to define species-

specific marker masses, were subjected to biochemical profiling on a Vitek2 (bioMérieux, 

Marcy-l’Étoile, France) using the GN ID card and the API50ch panel (bioMérieux, Marcy-

l’Étoile, France). Primary metabolites of the same strains were measured and analysed as 

described in Additional file 3: Supplementary Methods. Additionally, 11 strains were subject 

to fatty acid profiling as described in Additional file 3: Supplementary Methods. These 11 

strains included reference strains of the species K. pneumoniae, K. quasipneumoniae, K. 

variicola, K. oxytoca, K. michiganensis, one clinical isolate for each of the species K. 

pneumoniae, K. variicola, K. oxytoca, K. michiganensis, and two clinical isolates of the species 

K. grimontii. 

 

Antimicrobial resistance determination 
AMR profiles of isolates associated with the retrospectively analysed spectra were accessed 

through the laboratory information systems of the USB and the LTW (n= 7,876). The accessed 

AMR profiles were measured in clinical routine diagnostics from January 2015 to June 2018 

using either microdilution methods (Vitek2, AST-N242 GN Cards, bioMérieux), MIC strip tests 

(Liofilchem, Roseto degli Abruzzi, Italy), or disc diffusion tests (ThermoFisher Scientific, 

Waltham, USA). Breakpoints were interpreted as susceptible or resistant according to the 

current EUCAST Breakpoint table (v6.0 – 8.1) (253). 

 

Retrospective assessment and statistical analysis of clinical data 
We assessed the relative distribution of Klebsiella spp. with regards to laboratory and country 

of isolation (n = 22,346, including spectra from eight laboratories). We examined the 

association of Klebsiella groups and species with resistance to antibiotic classes using logistic 

regression (post hoc analyses; n = 7,876, including spectra from two laboratories). 

Patient demographic and clinical data from patients with Klebsiella spp. infections were 

retrospectively accessed via the USB clinical information system in a case report form for a 

subset of clinical cases (n = 957). Inclusion criteria were: patients for which at least one 

isolated bacterial colony was identified as Klebsiella spp. by MALDI-TOF MS collected 

between January 2015 and June 2018 at the USB and who did not reject the hospital’s general 

research consent form, as approved by the ethical committee. The USB is a tertiary healthcare 

center with more than 750 beds in a low endemic region for ESBL-producing bacteria (254).  

The clinical outcomes of 957 patients with Klebsiella infections were analysed and included 

all-cause mortality within 30 days from Klebsiella spp. diagnosis as primary endpoint and 
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secondary endpoints: (i) time to death after Klebsiella spp. diagnosis in days, (ii) admission to 

an intensive care unit (ICU), (iii) invasive infection to sterile sites (including the bloodstream, 

deep tissues, and cerebrospinal fluids), (iv) length of hospital stay in days, (v) the number of 

medical disciplines involved to manage the specific case (as a surrogate marker for case 

complexity), and (vi) whether the infection was mentioned in the patient letters. Clinical 

outcomes were examined for an association with distinct Klebsiella spp., age, sex, 

immunosuppression (defined as a dose equivalent of 20 mg prednisone / day or mentioning 

of immunosuppression in the patient notes), Charlson Comorbidity Index (CCI) (255), 

resistance to 3rd generation cephalosporins, and antibiotic treatment (defined as at least one 

dose of antimicrobial agent at hospital entry or during the hospital stay). Binary outcomes were 

analysed using generalized linear mixed models (GLMM) with binomial error distribution. 

Count outcomes (number of medical disciplines involved) were analysed using GLMM with 

Poisson error distribution. Time to death within hospital and length of hospital stay (time to 

discharge) were considered competing risks and jointly analysed by a competing risks model. 

For further detail see Additional file 3: Supplementary Methods. 
 

Results 
Comparative genomic analyses of Klebsiella spp. 
To determine the core-genome of the genus Klebsiella, from the 3,594 Klebsiella spp. isolates 

with available WGS, a selection of 548 isolates was made, reflecting between- and within-

species diversity. The genus core-genome comprises n=1,171 genes, which are genes shared 

between 99% of these 548 isolates. The core-genome based phylogeny (Figure 1A) clearly 

shows the Klebsiella phylogeny as previously described (222,230,256), with subspecies within 

K. quasipneumoniae (K. quasipneumoniae subsp. quasipneumoniae and K. quasipneumoniae 

subsp. similipneumoniae) as well as within K. variicola (K. variicola subsp. variicola and K. 

variicola subsp. tropica) can be distinguished. These species also contain a diverse array of 

strains, in contrast to K. pneumoniae, which is more homogeneous when comparing these 

1,171 core genes. Interestingly, K. grimontii includes two deeply branching sub clades, which 

have not yet been described as subspecies (Figure 1A). 

The pan-genomes of the K. pneumoniae group and the K. oxytoca group were determined by 

investigating the number of unique orthologous clusters within our genome data set (Figure 
1B). A larger pan- to core-genome ratio could suggest adaptation to diverse environments, 

whereas a smaller pan- to core-genome ratio could, in a clinical context, reflect adaptation to 

the human host or even site-specific infections. Both groups show an open pan-genome, with 

the number of unique orthologous clusters increasing as more genomes are added to the 

analysis. There seems to be a larger increase in the pan-genome of the K. oxytoca group with 
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strains added, although fewer genomes have been sampled to date. At a species level, pan-

genome sizes of those within the K. pneumoniae group are relatively similar, whereas K. 

michiganensis within the K. oxytoca group shows a larger pan-genome, although this may 

reflect sampling bias (Additional file 1: Figure S2). 

Plasmid complements are known to vary widely between Klebsiella isolates, and can carry 

accessory genes involved in AMR and pathogenicity (45,257,258). We detected a lower 

median number of plasmid replicons per isolate within the K. oxytoca group (median=2, 

interquartile range (IQR) = 0-4) compared to isolates of the K. pneumoniae group (median=4, 

IQR=2-4) (Figure 1C). The lowest median number of plasmids was detected for K. grimontii 

isolates (median=1, IQR=0-5), and the highest median number of plasmids detected in "K. 

quasivariicola" (median=7, IQR=5-10) isolates. We also observed that within the K. 

pneumoniae group, the median count of plasmids detected was lower in K. variicola isolates 

(median=3, IQR=0-5) than in isolates of the other species of the K. pneumoniae group 

(median=4, IQR=3-6 for K. pneumoniae; median=5, IQR=2-7 for K. quasipneumoniae and 

median=7, IQR=5-10 for "K. quasivariicola") (Figure 1C). No group specificity could be 

detected in plasmid replicon profiles (Figure 1D). The two replicons known to be particularly 

related to virulence, plasmids KpVP-1 and KpVP-2, (IncHI1B_pNDM-MAR and 

IncFIB(K)_Kpn3 respectively), were detected in isolates from all Klebsiella spp. (K. 

pneumoniae n=162/218, 73.3%; K. quasipneumoniae n=61/83, 73.5%; K. variicola n=56/109, 

51.4%; "K. quasivariicola" n=4/5, 80.0%; K. oxytoca n=18/41, 43.9%; K. michiganensis 

n=23/54, 42.6%; K. grimontii n=16/37, 43.2%) with the exception of K. huaxensis, for which 

only a single genome was available for this study. 

 From long read genome assemblies for a subset of 11 isolates sequenced as part of this 

study, the plasmids assembled for nine isolates agreed with the replicon findings. In K. 

quasipneumoniae DSM-2811T we detected a plasmid of 4,267 bp with 99.1% identity and 

71% coverage to the K. pneumoniae plasmid pB1019, which was not identified by 

PlasmidFinder. A previously undescribed plasmid of 3,596 base pairs was identified within K. 

grimontii 606641-17, which does not carry any known virulence or resistance factors, showing 

that there is further diversity of Klebsiella spp. plasmids to discover. 
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Figure 1. Genomic content of isolates across the Klebsiella genus. A. Core-genome phylogeny of 

the genus Klebsiella including isolates from K. pneumoniae (n=218), K. quasipneumoniae (n=83), "K. 

quasivariicola" (n=5), K. variicola (n=109), K. oxytoca (n=41), K. michiganensis (n=54), K. grimontii 

(n=37) and K. huaxensis (n=1) based on 1,171 core genes. The species colour key is used throughout 

the figure and paper. B. Pan- (upper) and core- (lower) gene accumulative curves comparing K. 

pneumoniae group and K. oxytoca group. C. Number of plasmid replicons identified in each isolate, per 

species. Boxes indicate the IQR with the median displayed as middle lines. D. Plasmid replicons 

identified by PlasmidFinder in all isolates (n=548), shown per Klebsiella spp.  

Virulence factors of Klebsiella spp. 
Virulence factors were investigated by comparing 548 Klebsiella spp. genomes against known 

databases and virulence factors. Genes encoding the iron-chelating siderophores aerobactin 
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and salmochelin were detected in a minority of isolates (n=18/548, 3.3% and n=21/548, 3.8% 

of isolates, respectively), only within K. pneumoniae and K. quasipneumoniae, often co-

occurring within isolates. The siderophore yersiniabactin is more prevalent in isolates of the 

K. oxytoca group (n=111/132, 84.1%) than in the K. pneumoniae group (n=52/415, 12.5%). 

The kfu operon, encoding an iron transport system, was detected in isolates of all species 

except K. oxytoca (n=333/548; 60.8% of all isolates and n=0/41; 0% within the species K. 

oxytoca). 

 The genes involved in allantoin metabolism, which enable Klebsiella spp. to assimilate 

nitrogen from this metabolic intermediate and increase its virulence in certain infection sites, 

were detected in isolates of all species (n=132/548; 24.1%), notably in all K. oxytoca (n=41/41; 

100%) and K. grimontii (n=37/37; 100%) isolates. The distribution of bacterial toxin operons 

encoding microcin, colibactin and tilivalline was also examined. The complete microcin operon 

was detected in a few K. pneumoniae genomes (n=8/218; 3.7%) and in one K. michiganensis 

genome (n=1/54; 1.9%), whereas colibactin was detected solely in K. pneumoniae (n=11/218; 

5.0%). In contrast, the complete tilivalline operon was exclusively identified in isolates within 

the K. oxytoca group (n=64/132; 48.5%) particularly in isolates of K. oxytoca (n=29/41; 59.2%) 

and K. grimontii (n=30/37; 81.1%) (Figure 2A). 

 The regulator of the mucoid phenotype rmp genes were detected in K. pneumoniae 

(n=14/218; 6.4%) and K. quasipneumoniae (n=1/83; 1.2%). Ecotin has been described as 

being able to modulate the host immune response (259), and was detected in isolates 

belonging to all species (n=445/548; 81.2%). 

 We found a high diversity of K-loci in our dataset, with 114 capsule types. KL107 was found 

to be the most prevalent K-locus type across all Klebsiella spp. (107/548; 19.5%), with the 

exception of K. huaxensis where only one genome was included (KL46; Figure 2B). KL1 and 

KL2, which are associated with a muco-viscous phenotype and frequently detected in 

hypervirulent strains, were exclusively detected in isolates of species within the K. 

pneumoniae group; KL1 was detected in isolates of K. pneumoniae (n=4/218; 1.8%) and K. 

quasipneumoniae (n=4/83; 4.8%); whereas KL2 was detected in isolates of K. pneumoniae 

(n=10/218; 4.6%) and K. variicola (n=1/109; 0.9%). Within the O-loci we found less diversity, 

with 17 types. Type O1v1 is the most common in isolates of K. pneumoniae (n=53/218, 

24.3%), K. michiganensis (n=41/54; 75.9%), and K. grimontii (n=36/37; 97.2%), whereas most 

isolates of K. oxytoca (n=22/41; 53.7%) carry the O-locus OL104. The most common 

combination of K- and O-loci per species were as follows: KL107-O2v1, KL107-OL101 and 

KL64-O1v1 in K. pneumoniae (each 7/218; 3.2%), KL48-O5 in K. quasipneumoniae (n=4/83; 

4.8%) and KL107-O5 in K. variicola (n=6/109; 5.5%). All five "K. quasivariicola" genomes 

studied carry unique combinations of K- and O-loci. Within the K. oxytoca group, the most 

common combination of K- and O-loci is carried by a bigger proportion of the isolates 
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compared to the K. pneumoniae group species: KL68-O5 in K. oxytoca (n=7/41; 17.1%), 

KL107-O1v1 in K. michiganensis (n=11/54; 20.4%) and K. grimontii (n=14/37; 41.2%) were 

the most frequently detected combinations. 

  

 
Figure 2. Virulence factors across the genus Klebsiella. A. Core-genome phylogeny of 548 

Klebsiella spp. genomes (left, in line with Figure 1A) with identified virulence related genes shown per 

isolate (right), coloured by species. B. Polysaccharide (K-locus, left) and lipopolysaccharide (O-locus, 

right) predicted serotypes of isolates grouped by species. 

Antimicrobial resistance genes in Klebsiella spp.  
We examined the occurrence of AMR genes in Klebsiella spp. (n=548) (Additional file 1: 
Figure S3). We detected the chromosomally encoded AmpH for strains of the K. pneumoniae 

group and a beta-lactamase of the LEN family in K. variicola isolates, which both confer low 

level resistance to beta-lactam antibiotics (260). Further, we detected the chromosomally 

encoded beta-lactamase genes blaOXY1-blaOXY8 in genomes within the K. oxytoca group, for 

which each species carries distinct variants, as described (261).  

Fewer isolates of the K. oxytoca group were found to carry ESBL genes (8/132; 6.1%) than 

isolates of the K. pneumoniae group (125/415; 30.1%). Within the K. pneumoniae group, fewer 
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isolates of the species K. variicola were found to carry ESBL genes (14/109; 12.8%), 

compared to isolates within K. pneumoniae (78/218; 35.8%), K. quasipneumoniae (32/83; 

38.6%) and "K. quasivariicola" (1/5; 20.0%). We observed a higher number of K. 

quasipneumoniae isolates encoding carbapenemases (12/83; 14.4%) compared to K. 

pneumoniae (15/218; 6.9%), K. variicola (9/109; 8.6%) and "K. quasivariicola" (0/5; 0%). 

Within the K. oxytoca group, we detected the highest frequency of ESBL and carbapenemases 

in K. michiganensis (6/54; 11.1% and 5/54; 9.3%, respectively) compared to K. oxytoca (both 

in 1/41; 2.4%) and K. grimontii (both in 2/37; 5.4%).  

 

Klebsiella spp. identification in routine diagnostics 
Given the group- and species-specific trends in accessory genome composition and content, 

an accurate species identification may have an important clinical impact. For the strains 

included in this study, fatty acid analysis, GC-MS, and a panel of biochemical reactions were 

unable to identify a characteristic feature that could be used to distinguish unambiguously 

between the included Klebsiella spp. (Additional file 4: Table S2, Additional file 1: Figure 
S4, Additional file 5: Table S3). As such, in order to find a robust and accurate way to 

distinguish Klebsiella spp. based on MALDI-TOF mass spectra, we used ribosomal subunit 

proteins as species-specific MALDI-TOF MS markers. To do this, we first in silico predicted 

protein masses of the 56 ribosomal subunit proteins from 3,594 genome drafts.  

Only proteins with a mass between 2,000-20,000 Daltons can be detected in MALDI-TOF 

mass spectra, and due to the intrinsic measurement error of MALDI-TOF MS not all predicted 

masses can be distinguished. Additionally, not all ribosomal subunit proteins can be equally 

ionized, and therefore detected, in similar proportions. Therefore, to determine the practical 

value of our approach, we examined which of these potential marker masses can reproducibly 

be detected in MALDI-TOF mass spectra of routine quality. Fifty isolates, representing the 

species K. pneumoniae (n=10), K. variicola (n=10), K. oxytoca (n=8), K. michiganensis (n=12), 

and K. grimontii (n=10), all with species identification confirmed by WGS, were analysed in 

quadruplicate on four different MALDI-TOF MS systems in different laboratories, resulting in 

the generation of 800 spectra. The 25 ribosomal subunits L17, L18, L19, L20, L21, L25, L27, 

L28, L29, L30, L31, L32, L33 (methylated), L34, L35, L36, S8, S9, S14, S13, S15, S19, S20, 

S21 and S22 were subsequently included as valid target proteins for identification of Klebsiella 

spp. The reproducibility of these marker masses varied between the different laboratories 

(Additional file 6: Table S4). We found a complete set of these 25 target proteins in 3,360 

assemblies and therefore based our further analyses on these predicted mass profiles 

(Additional file 7: Table S5).  

We assessed the distribution of the in silico predicted masses of these target proteins in a 

representative dataset of 464 genomes, comprising those which were included in the 
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comparative genomic analysis and were complete for these 25 target proteins. We identified 

multiple group- and species-specific alleles for K. pneumoniae, K. variicola, "K. quasivariicola", 

K. oxytoca and K. grimontii (Figure 3). No marker mass uniquely identifying K. michiganensis 

and K. quasipneumoniae was detected. In order to unambiguously separate K. michiganensis 

and K. quasipneumoniae from closely related species, a combination of marker masses needs 

to be detected (e.g. S15 at 10,078 Da and L25 at 10,636 Da for K. michiganensis, Figure 3).  

 

Figure 3: Distribution of the in silico predicted masses of 25 target proteins encoded by the 

species K. pneumoniae (n=208), K. quasipneumoniae (n=60), K. variicola (n=68), "K. quasivariicola" 

(n=3), K. oxytoca (n=37), K. michiganensis (n=51), K. grimontii (n=36) and K. huaxensis (n=1).  

 

Based on the differential masses of the 25 target proteins, we can distinguish 110 distinct 

Klebsiella spp. ribosomal mass profiles (Additional file 8: Table S6) that allow us to 

distinguish K. pneumoniae, K. quasipneumoniae, K. variicola, "K. quasivariicola", K. oxytoca, 

K. michiganensis, K. grimontii, and K. huaxensis. These 110 distinct ribosomal mass profiles 

were subsequently included in an in house developed reference database for species 

identification. We assessed the specificity and sensitivity of this approach, using the spectra 

(n=800) of the same diverse Klebsiella spp. isolates (n=50). The species identification by 

MALDI-TOF MS was compared to the species identity as assigned by WGS of the identical 

isolate. If essential target proteins could not be detected in a MALDI-TOF mass spectrum and 

the acquired mass profile did not allow unique species identification, this spectrum was 

labelled as “Multispecies ID only”. Table 1 shows the evaluation of the species identification 

of these spectra, resulting from comparison of the acquired MALDI-TOF mass spectra with 

the 110 ribosomal marker mass profiles. The identification was evaluated on two levels: (i) 

whether the assignment to K. pneumoniae or K. oxytoca group was correct and (ii) whether 

the correct species within each group could be assigned. Species identification using these 

marker mass profiles resulted generally in accurate identification and provided better species 

identification within the K. oxytoca group than the currently used commercially available 

databases Microflex Biotyper Database (Bruker Daltonics flexControl v.3) and the VitekMS 

Database (v.3), as these databases do not include K. grimontii and K. michiganensis. 
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Table 1. Evaluation of the species identification of 50 Klebsiella spp. isolates by MALDI-TOF 
mass spectra using ribosomal marker mass profiles. Species identification of 800 MALDI-TOF 

mass spectra using 110 marker mass profiles was compared to the species identification assigned 

using WGS data. Specificity and sensitivity were computed on two levels: (i) whether the assignment to 
K. pneumoniae group or K. oxytoca group was correct (= ’Group level’) and (ii) whether the correct 

species within each group could be assigned (= ‘Species Level’). 

Species identification by 

WGS 

Identification of MALDI-TOF mass spectra using Marker Mass profiles 
based on 25 pre-defined ribosomal subunit proteins 

 Group level Species level 

 Sensitivity [%] Specificity [%] Sensitivity [%] Specificity [%] 

K. pneumoniae 98.8 100 70.0 100 

K. variicola 98.1 100 93.1 100 

K. oxytoca 99.2 100 80.5 99.4 

K. michiganensis 100 100 44.3 100 

K. grimontii 99.4 100 70.6 100 

 

The sensitivity and specificity of the approach (Table 1) were computed based on the 

identification of MALDI-TOF mass spectra acquired on all four MALDI-TOF MS systems. 

Specificity and sensitivity on group level were >98% using marker mass profiles, for all tested 

species on all four MALDI-TOF MS systems, reflecting a low probability of false positive results 

using this approach. 

Sensitivity on the species level varied between the MALDI-TOF MS systems, especially within 

the K. oxytoca group. For the species K. oxytoca, sensitivity at the species level ranged from 

37.5-100% between the four MALDI-TOF MS systems, for K. michiganensis from 8.3-70.8%, 

and for K. grimontii from 12.5-95.0%. Species identification within the K. oxytoca group 

requires the detection of marker masses in a high mass range and variations in sensitivity 

between the MALDI-TOF MS systems could potentially be linked to MALDI-TOF mass spectral 

quality (262).  

 

Classification of international routinely acquired MALDI-TOF mass spectra 
Using the 110 species-specific marker mass profiles, we retrospectively analysed 22,346 

spectra derived from bacterial isolates from eight healthcare centers in four countries (dataset 
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(a), Additional file 1: Figure S1 and Additional file 1: Figure S5). All spectra had previously 

been used to diagnose isolates as Klebsiella spp. in routine diagnostic laboratories. Re-

analysing the spectra using the newly compiled mass profile database, we attempted to 

categorise all spectra first into the two groups and then to one of the eight species in the 

database (Figure 4A and B). 

A subset of the samples (n=427; 1.9%) were identified as Raoultella spp. or K. aerogenes and 

excluded from further analysis. 85 samples (0.3%) could only be identified to the genus level. 

The remaining 21,834 samples (97.7%) were categorised as K. pneumoniae group or K. 

oxytoca group. Of these, a higher proportion of samples could be categorised to the species 

level within the K. pneumoniae group (n=14,867/17,555; 84,7%), than within the K. oxytoca 

group (n=2,718/4,249; 64.0%), which reflects the difficulty to reproducibly detect all required 

species-specific marker masses in the K. oxytoca group. The proportion of samples which 

could not be categorised to the species level varied by healthcare center and MALDI-TOF MS 

system and ranged from 9.8% (n=40/407 samples) to 30.5% (n=439/1,440 samples) within 

the K. pneumoniae group and from 22.8% (n=349/2,560 samples) to 84.8% (n=217/256 

samples) within the K. oxytoca group. The remaining 17,585 samples (78.69%) could 

unambiguously be identified to the species level. Of these, across all centres we identified: K. 

pneumoniae (n=12,523; 71.2%), K. quasipneumoniae (n=575; 3.3%) K. variicola (n=1,717; 

9.8%), "K. quasivariicola" (n=52; 0.3%), K. oxytoca (n=1,445; 8.2%), K. michiganensis (n=836; 

4.8%), K. grimontii (n=425; 2.4%), and K. huaxensis (n=12; 0.1%). 

 Interestingly, we observed different frequencies of the two Klebsiella groups and species 

depending on the originating healthcare center, possibly reflecting a geographical trend of 

pathogenic Klebsiella spp. distribution (Figure 4A): The proportion of isolates belonging to the 

K. oxytoca group was higher in more northern regions, a finding which requires further 

investigation. The proportion of Klebsiella groups and species was also found to vary 

depending on the patient material from which it was isolated (Figure 4B). Isolates of the K. 

oxytoca group were least abundant in urinary tract samples and most abundant in samples of 

the gastro-intestinal tract samples. 
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Figure 4. Occurrence of Klebsiella spp. in clinical settings, as determined by ribosomal marker 
MALDI-TOF MS method. A. Occurrence of Klebsiella groups and species in eight healthcare centers 

from Israel (n=1), Spain (n=1), Switzerland (n=4) and the Netherlands (n=2), sorted by increasing 

occurrence of the K. oxytoca group. B. Occurrence of Klebsiella groups and species in patient samples 

from various isolation sites. ‘Primary sterile sites’ includes deep wounds, aspirates and deep tissues, 

‘Respiratory tract’ includes sputum, bronchoalveolar lavage and tracheal secretion, ‘Superficial swabs’ 
includes swabs from superficial wounds and skin infections. C. Antibiotic resistance of Klebsiella spp. 

(BENI = beta-lactams with beta-lactamase Inhibitors, CEF3 = 3rd generation cephalosporins, CEF4 = 

4th generation cephalosporins, AGLY = aminoglycosides, CARBA = carbapenems, CHIN = quinolones, 

PMX = polymyxins). Please note that the colour grading is on log-scale.  

 
AMR profiles 
Information on phenotypic AMR and isolation source was available for 7,876 samples from 

two healthcare centers in Switzerland (USB and LTW), (dataset (b), Figure 4C, Additional 
file 1: Figure S1 and Additional file 1: Figure S5) for which spectra had been analysed. 
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Isolates of the K. oxytoca group were more likely to be resistant against penicilines including 

beta-lactamase inhibitors and 3rd generation cephalosporins (OR 2.79, p < 0.001, 95% CI 

[1.70, 4.63]; OR 2.45, p = 0.005, 95% CI [1.31, 4.58], respectively) but less often resistant to 

4th generation cephalosporins and aminoglycosides (OR 0.17, p<0.001, 95% CI [0.09, 0.28]; 

OR 0.22, p<0.001, 95% CI [0.12, 0.35]) than isolates of the K. pneumoniae group (Additional 
file 9: Tables S7 - S9). Within the K. oxytoca group we found K. oxytoca to be less resistant 

to penicilines including beta-lactamase inhibitors, than K. michiganensis (OR 0.57, p < 0.001, 

95% CI [0.42, 0.75]) (Additional file 9: Table S7). Within the K. pneumoniae group, isolates 

identified as K. pneumoniae were more resistant to penicilines including beta-lactamase 

inhibitors, 3rd and 4th generation cephalosporins as well as to aminoglycosides than K. 

variicola, (OR 2.11, p<0.001, 95% CI [1.42, 3.18]; OR 2.61, p<0.003, 95% CI [1.38,5.06] and 

OR 5.80, p<0.001, 95% CI [2.40,20.04], respectively) (Additional file 9: Tables S8-S10).  

 

Clinical endpoints 
Data from patient charts of 957 clinical cases at the USB were reviewed and analysed on 

multiple clinical endpoints (dataset (c), Additional file 1: Figure S1 and Figure S5). In order 

to examine the clinical phenotype of the Klebsiella groups and species, independent of their 

AMR burden, we corrected our model for resistance against 3rd generation cephalosporins, 

which is associated with production of ESBL. Clinical outcomes and explanatory variables are 

summarized in Additional file 10: Tables S11-12. 
 We found no evidence for Klebsiella group- or species-specific association with our primary 

30-day mortality endpoint (Additional file 10: Table S13). As a general finding, female 

patients seemed to have better outcomes than male patients: all cause 30 day mortality was 

less likely for female patients (OR 0.60, p=0.012, 95% CI [0.40, 0.89]), female patients were 

less likely to be affected by invasive infection of sterile sites (OR 0.54, p=0.002, 95 % CI [0.37, 

0.79]) and to be admitted to an ICU (OR 0.63, p=0.009, 95 % CI [0.45, 0.89]) (Table 2, 
Additional file 10: Tables S13 - S14). Furthermore, increasing CCI and increasing age 

seemed to be associated with higher 30-day mortality (OR 1.16, p = 0.40, 95% CI [1.01,1.34], 

and OR 1.36, p<0.001, 95% CI [1.24,1.49], respectively), whereas antibiotic treatment at entry 

or during hospitalization was associated with higher odds for ICU admission (OR 4.41, 

p<0.001 and 95% CI [2.10,8.93]) (Table S15 – S16). 
 Strikingly, isolates of the K. oxytoca group were more likely to be involved in invasive infection 

compared to isolates of the K. pneumoniae group (OR 2.39, p = 0.044, 95% CI [1.05,5.53]). 

As we corrected in our model for resistance against 3rd generation cephalosporins, and as the 

K. oxytoca group is not associated with a higher burden of AMR, we hypothesise that this 

increased association to invasive infections is independent of AMR and might reflect increased 

virulence of this group. 
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We found no evidence for Klebsiella group- or species-specific associations with the remaining 

clinical outcomes (Additional file 10: Tables S14 – S17). 

 
Table 2. Odds ratio estimates for invasive infection using the generalized linear mixed-effects 
model (GLMM). n = 732 complete observations with 162 events. OR = Odds Ratio; CI = Confidence 

Interval; CCI = Charlson Comorbidity Index  

 OR 95 % CI Z p-value 

K. oxytoca group vs. K. pneumoniae group 2.39 [1.05,5.53] 2.01 0.044 

K. oxytoca vs. K. michiganensis 0.75 [0.42,1.34] -0.97 0.33 

K. oxytoca vs. K. grimontii 0.64 [0.30,1.36] -1.15 0.252 

K. pneumoniae vs. K. variicola 1.08 [0.69,1.65] 0.35 0.724 

K. pneumoniae vs. K. quasipneumoniae  0.64 [0.35,1.15] -1.44 0.149 

CCI 1.14 [1.04,1.25] 2.95 0.003 

Age (centered, 10 years increase) 0.84 [0.75,0.95] -2.78 0.005 

Female (ratio) 0.54 [0.37,0.79] -3.17 0.002 

Immunosuppression 0.5 [0.29,0.86] -2.5 0.012 

Resistance to 3rd generation cephalosporins 1.31 [0.44,3.74] 0.5 0.618 

Antibiotic treatment at entry or during hospitalisation 3.11 [1.44,6.49] 2.92 0.003 

 

Discussion 
We have described a MALDI-TOF MS method allowing the identification of clinically important 

and currently often misdiagnosed Klebsiella spp. and applied it to an international dataset of 

over 22,000 unique bacterial isolates from microbiological routine laboratories. While species-

specific MALDI-TOF MS patterns within the genus Klebsiella have previously been described 

(224,232,263), their discriminatory power has not yet been assessed in large routinely 

acquired mass spectral datasets.  

Using our ribosomal marker-based approach we are able to separate eight species of the 

genus Klebsiella: K. pneumoniae, K. quasipneumoniae, K. variicola, "K. quasivariicola", K. 

oxytoca, K. michiganensis, K. grimontii, and K. huaxensis. This higher phylogenetic resolution 

power represents an important step forward in clinical diagnostics as "K. quasivariicola", K. 
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michiganensis, K. grimontii, and K. huaxensis are currently not found in commonly used 

databases. Mass spectral quality plays an important role in distinguishing the species within 

the K. oxytoca group, as the species-specific peaks lie in a high mass range with m/z values 

above 10,000. Moreover, in order to unambiguously identify the species K. michiganensis, a 

unique combination of marker masses in a higher mass range needs to be detected, posing 

an additional challenge for identification. The inability to detect these in many spectra 

decreases sensitivity. We evaluated our approach by computing sensitivity and specificity 

values for five clinically important Klebsiella spp.. A limitation of the current study is that the 

most recently described Klebsiella spp., K. africana, K. pasteurii, and K. spallanzanii were not 

included in the analysis. Identifying species specific marker masses for these, and a similar 

evaluation for the less frequently observed Klebsiella species would be desirable in future. A 

recent study introduced a web-based tool which also uses other core proteins than ribosomal 

subunit proteins to distinguish between the Klebsiella spp. [26]. Combining these and our 

ribosomal marker masses could potentially increase the resolution of MALDI-TOF mass 

spectral identification even below the species level.  

Marker-based approaches are independent of the MALDI-TOF MS system used. Therefore, 

we were able to assess the occurrence and clinical phenotype of important Klebsiella spp. in 

international clinical laboratories using MALDI-TOF MS systems from different manufacturers. 

While K. pneumoniae remains the most commonly detected species, we also detected isolates 

from each of the species, which are currently not routinely identified by common MALDI-TOF 

MS databases, including K. quasipneumoniae, "K. quasivariicola", K. michiganensis, K. 

grimontii, and K. huaxensis from a variety of patient material. 

 Our data provide evidence that infections with isolates of the K. oxytoca group were more 

likely to be invasive than infections with isolates of the K. pneumonia group, highlighting the 

clinical importance of this under-appreciated group. The clinical cases analysed in this study 

were treated at the same healthcare center in a low endemic region for ESBL-producing 

bacteria. Further studies from different regions would be needed in order to confirm these 

results in other epidemiological backgrounds.  

Due to the higher prevalence of the K. pneumoniae group infections, a larger absolute number 

of invasive infections are caused by isolates of the K. pneumoniae group than by isolates of 

the K. oxytoca group. Thus, infections with a K. oxytoca group isolate tend to be less frequent, 

but more severe, a finding which could potentially be linked to the increased frequency of 

certain virulence factors, such as the siderophore yersiniabactin, genes involved in allantoin 

metabolism and the cytotoxin tilivallin. Yersiniabactin and genes involved in the allantoin 

metabolism are well established virulence factors of K. pneumoniae (264,265) and their 

frequent occurrence in assemblies of the K. oxytoca group has been observed before 

(230,266). Based on the data acquired in this study we describe an indirect link between the 
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association of K. oxytoca group strains and invasive infection and the occurrence of these 

virulence factors in genomes of the same species. However, in order to assess whether these 

factors actually increase the virulence of K. oxytoca group strains, functional studies are 

needed.  

Bloodstream infections caused by K. variicola have been described as causing a higher 

mortality than bloodstream infections caused by K. pneumoniae (135), a finding that we could 

not confirm in our dataset. 

 Resistance to 3rd generation cephalosporins is most often conferred by ESBLs, which were 

enriched in the analysed genomes of K. pneumoniae group compared to the K. oxytoca group 

(Additional file 1: Figure S3). Within the K. pneumoniae group isolates for which spectra 

were analysed, we observed a higher proportion of isolates resistant to 3rd and 4th generation 

cephalosporins and aminoglycosides in K. pneumoniae compared to K. variicola. The lower 

proportion of resistant isolates within K. variicola has previously been described (267) and is 

also in line with the lower frequency of ESBL genes detected in K. variicola genome 

sequences, compared to K. pneumoniae genome sequences. As genes encoding AMR are 

often carried on plasmids, this may be linked to the lower median number of plasmids detected 

in isolates of K. variicola.  

These findings need to be explored in other epidemiological situations with higher ESBL and 

carbapenemase burdens to examine their broader relevance. With this, a rapid and accurate 

species identification by MALDI-TOF MS may have an important impact on antibiotic 

stewardship and treatment decisions. 

 

Conclusions 
Based on systematic comparison of WGS and in silico ribosomal subunit protein mass 

prediction, we present a MALDI-TOF MS based analytical approach to distinguish eight 

Klebsiella species which can be applied in clinical routine diagnostic laboratories. In this study 

we identified species-specific AMR and virulence patterns within the genus Klebsiella and 

uncovered an increased association of the K. oxytoca group with invasive infection to primary 

sterile sites. 
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Abstract 
Background: Urinary tract infections (UTI) are amongst the most common bacterial infections 

worldwide, often caused by uropathogenic Escherichia coli. Multiple bacterial virulence factors 

or patient characteristics have been linked individually to a progressive more invasive 

infection. In this study, we aim to identify pathogen- and patient-specific factors that drive the 

progression to urosepsis by concurrently analysing bacterial and host characteristics.  
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Methods: We analysed 1079 E. coli strains isolated from 831 clinical cases with UTI and/or 

bacteraemia by whole genome sequencing (Illumina). Sequence Types (ST) were determined 

via srst2 and capsule loci via kaptive. First, we compared isolates from urine and blood to 

confirm clonality. Second, we performed a bacterial Genome Wide Association Study 

(bGWAS) (pyseer v1.3.9) using bacteraemia as primary clinical outcome. Clinical data was 

collected by an electronic patient chart review. Finally, we concurrently analysed the 

association of the most important bGWAS hit and important patient characteristics with the 

clinical endpoint bacteraemia using a generalised linear model (GLM). 
Results: Our patient cohort had a median age of 75.3 years (range: 18.00 - 103.1) and was 

predominantly female (580/831, 69.8%). The bacterial phylogroups B2 (60.5%; 503/831) and 

D (16.2%; 102/831), which are associated with extraintestinal infection, represent the majority 

of the strains in our collection, many of which encode a polysaccharide capsule (77.6%; 

642/831). Most commonly observed STs were: ST131 (12.6%; 105/831), ST69 (11.2%; 

93/831), and ST73 (10.1%; 84/831). Of interest, in 12.4% (13/105) of cases the E. coli pairs 

in urine and blood were only distantly related. In line with previous bGWAS studies, we 

identified the gene papGII (p-value < 0.001), which encodes the adhesin part of the E. coli P-

pilus, to be associated with ‘bacteraemia’ in our bGWAS. In our GLM, correcting for patient 

characteristics, papGII remained highly significant (Odds ratio = 5.95, 95% Confidence Interval 

= [3.44,7.88], p-value < 0.001). We also observed a stronger local and system inflammatory 

response with higher leukocyte levels in urine samples and higher C-reactive protein levels in 

papGII positive vs. negative cases (median 730/uL vs. 222/uL, p-value < 0.001 and 114ng/mL 

vs. 41ng/mL p < 0.001).  

Conclusion: The E. coli gene papGII seems to be a patient independent risk factor for the 

development of progression from UTI to bacteraemia.  
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Introduction 
Up to 60% of women suffer from at least one symptomatic urinary tract infection (UTI) in their 

lifespan and 10% of women experience symptomatic UTI each year (188). Escherichia coli (E. 

coli) is the most common cause of community and hospital acquired UTI (186). Most UTIs 

cause only mild symptoms and no long-term effects are expected after the infection is cured. 

Some UTI, however, progress to cause invasive infections such as pyelonephritis, urosepsis 

and septic shock (206,268). These invasive infections are associated with high mortality, 

morbidity, reduction of quality of life in survivors and high healthcare costs (269,270). 

Therefore, understanding the burden of disease and identifying factors associated with a more 

severe disease outcome is critical for the patient management, healthcare related costs and 

antibiotic stewardship. 

Strains of the species E. coli have diverse lifestyles and while they can be part of the healthy 

human gut microbiota and are found in soil and freshwater samples, they can also be 

pathogenic and cause infections. In line with the ability to survive in a vast variety of 

environments, the species of E. coli has an open pan-genome of more than ten times the size 

of an average genome (44). Only approximately one third of the genes encoded by a single 

strain are part of the core genome of this species (271). This genomic flexibility and the large 

gene pool explain the broad range of niches E. coli can be associated with. Within E. coli, 

multiple clearly distinct and deep branching phylogenetic groups (defined as phylogroups) 

have been identified (153). Originally, and on the bases of few housekeeping genes, eight E. 

coli phylogroups (A, B1, B2, C, D, E, F and G) were defined (153), of which A, B1, B2 and D 

are most frequently isolated (43). On the bases of genomic Mash distances these phylogroups 

have recently been suggested to be split up, resulting in 14 phylogroups, including two 

corresponding to strains of the genus Shigella (156). For some phylogroups, an association 

to clinical phenotypes has been observed. Phylogroups A and B1 are associated with 

asymptomatic carriage in the gut while phylogroups B2, D and F predominantly cause extra 

intestinal infections (44,156). However, there are large variations in clinical phenotypes within 

each phylogroup. This is linked to the presence or absence of virulence and antimicrobial 

resistance (AMR) genes, which can differ between closely related strains (43). Consequently, 

UTIs can be caused by E. coli strains from multiple different phylogroups (272). Well-studied 

uropathogenic E. coli (UPEC) virulence factors include iron uptake systems, capsular 

polysaccharides, immune modulators, fimbriae and pili (198,273,274). Genes encoding these 

clinically important bacterial factors are associated with globally successful UPEC clones such 

as Sequence Types (ST)131, ST69, ST73, ST95 (198,201,206).  

A recent study suggests that these virulent UPEC lineages emerged after the independent 

horizontal acquisition of papGII (198). The gene papGII encodes one of multiple variants 
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(PapGI - V) of the adhesin tips of Pap pili, and binds to the globoseries of glycosphingolipids, 

more specifically Gb5 (GalNAcα1-3-GalNAc3Galα1-4Galβ1-4GlcCer) (199,200) of human 

uroepithelial and kidney cells (195,196) and can modulate the host immune response (275). 

Amongst other virulence factors, papGII is known to play an important role in the progression 

of UTI to invasive infection (198) and, from the perspective of invasive infection, is associated 

with the urinary and the intestinal tracts as ports of entry for E. coli bacteraemia (199). Another 

bacterial factor which has been associated with invasive UTI is iuc, which is essential for the 

biosynthesis of the iron uptake system aerobactin (198). 

However, the clinical course of UTI and subsequent pyelonephritis and urosepsis is not only 

shaped by these bacterial factors, but also by host factors such as an effective immune 

response, host genetics, comorbidities, age, and gender (188). Hence the clinical importance 

of any bacterial factor cannot be definitively assessed without correcting for important patient 

characteristics. Despite the knowledge on UPEC virulence- and patient risk factors, these two 

interconnected aspects are often analysed separately and their interaction is rarely considered 

(199,276).  

In this study, we aim to identify pathogen- and patient-specific factors that drive the 

progression from UTI to bacteraemia and urosepsis by concurrently analysing genomic 

bacterial data and host characteristics from patients with urinary tract or bloodstream 

infections. 
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Methods 
Ethics 
The collection and analysis of strains and patient data was approved by the ‘Ethikkommission 

Nordwest- und Zentralschweiz’ (EKNZ) (BASEC-Nr. 2019-00748). 

 
Bacterial isolate collection and whole genome sequencing 
E. coli isolates (n= 1079) were prospectively collected at the University Hospital Basel from 

urine (n= 791), blood culture (n=287) and deep tissue samples (n=1) from 04/2018 to 02/2020. 

Urine was cultured on 5% sheep blood agar plates (Becton Dickinson, Franklin Lakes, New 

Jersey, USA) and Chrom ID plate (Becton Dickinson, Franklin Lakes, New Jersey, USA) for a 

maximum of 48h. Blood cultures were incubated in aerobic and anaerobic flasks for a 

maximum of six days using the Virtuo system (bioMérieux, Marcy-l’Étoile, France). Bacterial 

stains have been identified as E. coli in routine diagnostics using the microflex Biotyper 

MALDI-TOF MS system (Bruker Daltonics, Bremen, Germany). Isolates were grown on 

Columbia 5% Sheep Blood Agar (bioMérieux, Marcy-l’Étoile, France) and DNA was extracted 

using the QIACube with the QIAamp DNA Mini Kit (QIAGEN, Hilden, Germany). After quality 

control of the DNA by Tapestation (Agilent, Santa Clara, USA), tagmentation libraries were 

generated as described by the manufacturer (Illumina DNA Prep Kit, Illumina, San Diego, 

USA). The genomes were sequenced using a 2 × 300 base pairs V3 reaction kit on an Illumina 

MiSeq, or using a 2 x 150 base pairs on an Illumina NextSeq instrument, reaching an average 

coverage of 74-fold for all isolates.  

 
Phenotypic antimicrobial susceptibility testing  
Antimicrobial susceptibility testing (AST) was performed using the Vitek2 system 

(Enterobacteriaceae AST Card, bioMérieux, Marcy-l’Étoile, France) or using strip diffusion 

Etests (bioMérieux, Marcy-l’Étoile, France) and the measurements were interpreted according 

to EUCAST clinical breakpoints (v.9.0) into susceptibility categories ‘Susceptible’, 

‘Intermediate’ or ‘Resistant’.  

 

Definition of ‘Invasiveness’ 
E. coli strains were defined as ‘invasive’ if a blood culture of the same clinical case was 

diagnosed positive for E. coli within seven days before or after the isolation of the respective 

strain. 
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Comparative genomic analysis 
We trimmed the rawreads using Trimmomatic (v0.38) (238), generated assemblies using 

Spades (277) via unicycler (v0.3.0b) (239), and polished them using pilon (v1.23) (278). We 

examined the following features to ensure the quality of the sequence data and assembly: 

average read quality (median = 98.43; range = [56.42, 99.49]) and depth (mean = 74.49X; 

range = [4.7X, 328.8X]), %G+C content (median = 50.61; range=[50.3-51.1]), genome size 

(median = 5.05 megabases (MB); range=[4.38-5.85]). The purity of the sample was assessed 

using MetaPhlan (237) and genomes were annotated using prokka (240). Bacterial species 

identification was confirmed using ribosomal Multi Locus Sequence Typing (rMLST) (279), 

where three strains were identified as Escherichia marmotae and one as Escherichia ruysiae. 

These were excluded from further analysis. We screened all assemblies for the occurrence of 

previously described UPEC virulence (EcVGDB, (198)) and resistance factors (NCBI, (280)) 

using abricate (v0.8.10) (https://github.com/tseemann/abricate) and >95% coverage and 

>95% identity thresholds. In order to assign the E. coli phylogroups, we calculated the mash 

(v2.2) (155) distance to the previously described medoid reference genomes of each 

phylogroup (156), except for phylogroup C, where an alternative reference genome was used 

(GCF_001515725.1), as the published medoid reference genome clustered within phylogroup 

B1. We chose an alternative reference genome for phylogroup C from the Microreact project 

(https://microreact.org/project/10667ecoli/c38356ec) belonging to phylogroup C according to 

‘PCR Phylogroup’ and ‘Mash-Screen-Phylogroup’ and having the highest 'Total Score' and 

'Sequence Score'. We assigned the phylogroup of the closest reference genome to each 

queried genome using a cut-off of 0.04 mash distance. We identified the E. coli capsule types 

using fastKaptive (v0.2.2) (281). The well-known Capsule Types K1 and K5 correspond to 

fastKaptive assignment ‘KX03’ and ‘KX29’, respectively, which was identified by running K1 

(CP003034.1) and K5 (CP022686.1) reference genomes through fastKaptive. We determined 

the O- and H antigens as well as the Multi Locus Sequence Type (MLST) via srst2 (v0.2.0) 

(282,283). We assessed the Average Nucleotide Identity between strains using fastANI 

(v1.32) (115). We used panaroo (‘sensitive’ mode) (v1.2.7) (40) to identify the core genome 

which we then aligned using mafft (v7.467) (113) and used RaxML (GTRCAT approximation) 

(v8.2.8) (114) to construct a phylogenetic tree from this alignment. For pairwise comparison 

of strains isolated from the same patient sample, we used the variant caller Freebayes (v1.2.0) 

(284) via snippy (v4.3.6) (https://github.com/tseemann/snippy). 

 
Bacterial Genome Wide Association Study 
In order to identify bacterial factors which are associated with invasive infection, we used 

pyseer (v1.3.9) (285). We used unitigs as inputs, which represent non-redundant sequence 
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elements of variable length and which we had previously constructed via unitig-counter 

(v1.0.5) (286) and ‘bacteraemia’ as clinical endpoint. A minor allele frequency threshold of 

0.1% was used. One strain per clinical case (n=831) was included in the analysis. If multiple 

strains per clinical case had been isolated, we chose strains isolated from blood culture 

samples over strains isolated from urine samples, as these caused the invasive infection. If 

there were multiple strains isolated from the same material, we chose the strain isolated at the 

earliest time point. We used random effects to correct for population structure (‘-lmm’ mode) 

by providing a similarity-matrix acquired from the core genome phylogeny which was 

previously constructed (see above). Unitigs were mapped against the genome annotations. In 

order to identify the papG variant against which the unitigs mapped, we compared these to 

the genes papGI, papGII, papGIII, papGIV and papGV (198) using fastANI (v1.32) (115).  

 
Patient data collection 
Patient demographic and clinical data from patients with E. coli infections were retrospectively 

accessed via the hospital’s clinical information system in a case report form. The University 

Hospital Basel is a tertiary healthcare centre with more than 750 beds in a low endemic region 

for ESBL-producing bacteria (22). Inclusion criteria were: patients for which at least one 

isolated bacterial colony was isolated from urine or blood culture samples and identified as E. 

coli by MALDI-TOF MS (Bruker Daltonics, Bremen, Germany) or using biochemical assays on 

the Vitek2 (bioMérieux, Marcy-l’Étoile, France); no negative statement for the hospital's 

general research consent as approved by the ethical committee. We summarised patient 

demographic and clinical data into units of clinical cases, which are defined as a unique 

hospital stay and included data collected from the same patient between the hospital entry 

and the hospital exit date.  

 

Generalised Linear Models  
The clinical outcomes analysed in this study included (i) invasive infection to the bloodstream 

(defined as at least one E. coli positive blood culture sample) (ii) experience of typical UTI 

symptoms, (iii) admission to an intensive care unit (ICU) and (iv) all-cause mortality within 30 

days of E. coli diagnosis. Clinical outcomes were examined for an association with papGII 

carriage of the infecting E. coli strain, age, sex, immunosuppression (defined as a dose 

equivalent of 20 mg prednisone / day or mentioning of immunosuppression in the patient 

notes), and Charlson Comorbidity Index (CCI) (255). If multiple strains per clinical case had 

been isolated, we chose papGII carriage of strains isolated from blood culture samples over 

papGII carriage of strains isolated from urine samples and if multiple strains had been isolated 

of the same material, we chose the papGII carriage of the strain isolated at the earliest time 
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point. In order to compare the effect size between the included variables, we scaled and 

centred the numerical variables ‘age’ and ‘CCI’. All outcomes were binary and were analysed 

using generalised linear models (GLM) with binomial error distribution. Statistical analyses 

were performed in R (v 3.7).  

 

MALDI-TOF MS 
For a subset of E. coli isolates (n=317), MALDI-TOF mass spectra were acquired. This subset 

was chosen to represent strains encoding papGII (n=83) and strains which did not encode 

papGII (n=234), as well as representative isolates of the phylogroups A (n=19), B1 (n=28), 

B2-1 (n=48), B2-2 (n=141), C (n=7), D1 (n=45), D2 (n=5), D3 (n=13), E1 (n=2) and E2 (n=1). 

Each strain was measured in quadruplicate on two MALDI-TOF MS devices including a 

Microflex Biotyper ‘smart’ (Bruker Daltonics, Bremen, Germany) and an Axima Confidence 

(Shimadzu, Ngoyo, Japan) using direct smear method and overlaying with 1μl formic acid 

(25%) and 1μl cyano-4-hydroxycinnamic acid (CHCA) matrix solution.  

Mass spectra acquired on the Axmina Confidence were exported as ‘mzXml’ and mass 

spectra acquired on the microflex Biotyper as ‘fid’ files and both were further processed in R 

using the packages MALDIQuant and MALDIQuantForeign (252): Mass spectra were trimmed 

to a mass range of 4000 - 20,000, the intensity was transformed (‘sqrt’) and smoothed 

(method="SavitzkyGolay", halfWindowSize=20), the baseline was removed (method="SNIP", 

40 and 160 iterations for spectra acquired on the microflex Biotyper or the Axima Confidence, 

respectively) and the intensity was calibrated (method=”median”) before peaks were detected 

("SuperSmoother", halfWindowSize= 20, SNR=2). Peaks were externally calibrated using 23 

conserved masses (4364.4 Da, 5095.8 Da, 6371.5 Da, 6446.3 Da, 6541.7 Da, 7273.4 Da, 

7288.8 Da, 8499.9 Da, 9006.4 Da, 9704.3 Da, 10430.2 Da, 11564.2 Da, 11580.4 Da, 11735.4 

Da, 12769.5 Da, 13133.1 Da, 13540.9 Da, 14126.4 Da, 14875.2 Da, 15281.0 Da, 15768.9 Da, 

17603.2 Da, 17711.4 Da) and 1000ppm tolerance in both directions.  
 

Results 
Characterisation of bacterial strains  
We assessed the phylogroup distributions in our dataset, comprising one E. coli isolate per 

clinical case with invasive (n=251) or non-invasive (n=580) E. coli infection (n=831). We 

observed a large fraction (76.5%; 636/831) belonging to the ExPEC associated phylogroups 

B2-2 (43.6%; 362/831), B2-1 (17.0 %; 141/831), D1 (12.3%; 102/831), D2 (1.4%; 12/831), D3 

(3.8%; 25/831), and F (2.3%; 19/831). Only a smaller fraction of strains belonged to 

phylogroups associated with colonisation A (6.2%; 50/831), B1 (10.8%; 90/831) and/or 

intestinal infection E2 (0.2%; 2/831) (Figure 1A). We observed 77.6% (642/831) of the strains 
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carrying genes encoding capsular polysaccharides. Strains in ExPEC-associated phylogroups 

most often encoded a capsule (95.8%; 633/661) whereas strains in phylogroups associated 

with colonisation rarely did (6.4%; 9/140). The most common capsule assignments were 

‘KX03’ (25.7%; 165/642) and ‘KX29’ (17.9%; 115/642), which correspond to the well-known 

capsule types K1 and K5 (Figure 1A).  

We next compared the phylogroups in terms of virulence and resistance factors. Phylogroup 

A strains carried the fewest virulence factors (median = 205.5, Interquartile range (=IQR) = 

[194.25; 217.75]), while phylogroup B2-2 strains carried the most virulence factors (median = 

275.0; IQR = [259.25, 288.0]) (Figure 1B). 

The phylogroups A, B1, B2-2, D2, D3 and F carried a median of one resistance gene and of 

the phylogroups which cover more than 10 strains, phylogroup C carried the most resistance 

genes (median = 5; IQR=[1,7.5]) followed by B2-1 a (median = 2; IQR=[1,4]) resistance genes 

(Figure 1C).  

STs which comprise globally successful UPEC clones (198,201,206,287) were enriched in our 

strain set, namely ST131 (12.6%; 105/831), ST69 (11.1%; 93/831), ST73 (10.1%; 84/831), 

and ST95 (5.3%; 44/831) being the four most prevalent STs (Figure 1D). We further screened 

our strains for the carriage of papGII and the iuc operon, which have previously been identified 

as an important factor in the progression of UTI (198,288). We detected papGII in 20.9% of 

strains (174/831) and in the ExPEC associated phylogroups B2-1 (20.6%; 29/141), B2-2 

(27.1%; 98/362), D1 (33.3%; 34/102), D3 (16.7%; 2/12) and F (57.9%; 11/19). papGII 

frequently occurs in blocks of closely related strains (198) (Figure 1D). The iuc operon often 

co-occurs with papGII, but is more common. The complete iuc operon was detected in 28.6% 

(238/831) of all strains and in the phylogroups B2-1 (52.5%; 74/141), B2-2 (31.8%; 115/362), 

C (8.7%; 2/23), D1 (30.4%; 31/102), D3 (16.7%; 2/12) and F (47.4%; 9/19).  

Phenotypic ceftriaxone resistance, which is often assessed to screen for the carriage of 

Extended Spectrum β-Lactamase (ESBL), was rare in our dataset (9.7%; 72/740), except in 

strains of ST131 (51.6%, 48/93) (Figure 1D). 

We did not record any phenotypic resistance against meropenem (0/740), and phenotypic 

resistance against fosfomycin and nitrofurantoin was rare (1.5%; 8/550 and 1.1%; 6/549) and 

distributed throughout the phylogenetic tree (Figure S1). Phenotypic resistance against 

ciprofloxacin was more prevalent (21.2%; 125/589) and occurred most often in ST1193 strains 

(100%; 18/18) and ST131 strains (67.7%; 63/93) (Figure S1).  
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Figure 1: Genomic characterisation of the E. coli strains collected for this study (one strain per 

clinical case, n=831). A: Frequency distribution of the E. coli phylogroups and their respective capsule 

types; B: Number of virulence factors detected per E. coli phylogroup; C: Number of genes associated 

with antimicrobial resistance per E. coli phylogroup; D: Core genome phylogeny, phylogroup 
assignment, Sequence Type (ST) (8 most frequent ST are coloured, rarer STs in grey), papG variant, 

occurrence of the iuc operon and phenotypic ceftriaxone resistance.  
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Patient factors 
In order to assess which patient characteristics impact the progression of a UTI, we reviewed 

831 clinical case charts. Patients included in this study had a median age of 75.3 years 

(IQR=[63.4,83.0]) and a median CCI of 2 (IQR=[1,3]) and were more often female (69.3%, 

576/831) than male (30.7%, 255/831) and 10.6% (86/815) were immunosuppressed (Figure 
2, Table 1). We observed a larger fraction of strains belonging to carriage-associated 

phylogroups A, B1 and C (121/576, 21.0% vs. 42/255, 16.5%) and of rare ST (302/576, 52.4% 

vs. 100/255, 39.2%) isolated from female patients compared to male patients, whereas male 

patients more frequently carried strains of ST131 than female patients (49/255, 19.2% vs. 

56/576, 9.7%) (Figure S2). While the age of male patients peaks around 80 years, there are 

two peaks in the age of female patients, one around 80 years, the other around 30 years 

(Figure 2). Female patients younger than 40 years (n=54) were less frequently infected with 

strains from carriage associated phylogroups than female patients older than 40 years (7/54, 

13% vs. 114/522, 21.8%). The most frequent ST isolated from female patients younger than 

40 were fromsST95 (8/54, 14.8%), ST69 (8/54, 14.8%) and ST127 (5/54, 9.5%), all of which 

occurred in lower frequency in female patients older than 40 (22/522, 4.2%; 55/522, 10.5% 

and 13/522, 2.5%, respectively) (Figure S3).  

 

 

Figure 2: Frequency distribution of age [years] and the sum of the Charlson Co-morbidity 
Index for male (red) and female (turquoise) clinical cases (n=831) included in this study. 

 

In 31.7% of cases (264/831) at least one blood culture sample tested positive for E. coli 

(=’invasive infection’). The composition of phylogroups isolated from invasive and non-

invasive infection was similar with 19.3% (51/264) and 19.8% (112/567) being caused by 

carriage-associated phylogroups A, B1 and C. The three most common STs were the same 
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in both invasive and non-invasive infection, namely ST69 (39/264, 14.8% and 54/567, 

9.5%), ST73 (33/264, 12.5% and 54/567, 9.0%) and ST131 (34/264, 12.9% and 71/567, 

12.5%). Rare STs, which overall occurred less than 20 times in our strain collection, caused 

a smaller fraction of invasive infections than non-invasive infections (109/264, 41.3% vs. 

293/567 51.7%) (Figure S4).  

In 29.6% (232/783) of cases, the patient experienced typical UTI symptoms, 23.1% 

(191/827) were administered to the ICU and 9.6% (66/685) died within 30 days of the E. coli 

diagnosis (Table 1).  

Table 1: Patient characteristics and outcome variables of clinical cases (n=831) with invasive 

(n=255) or non-invasive (n=576) E. coli UTI. ‘Invasive infection’ was defined as at least one positive 

E. coli blood culture, whereas ‘non-invasive UTI’ was defined as at least one E. coli positive urine 

sample, with no blood culture being tested positive for E. coli.  

Variable All cases (n=831) Cases with 
invasive infection 
(n=264) 

Cases with non-
invasive infection 
(n=567) 

Age [years] (median, [IQR])) 75.3 [63.4,83.0] 75.7 [63.3, 83.4] 74.3 [63.6, 82.3] 

Gender = male (n;%) 255/831 (30.7) 122/264 (46.2) 33/567 (23.5) 

CCI (median [IQR]) 2 [0,3] 2 [0,3] 2 [0,3] 

Immunosuppression = T (n; %) 86/815 (10.6) 45/213 (21) 42/516 (8.1) 

Typical UTI symptoms 232/783 (29.6) 74/245 (30.2) 158/538 (29.4) 

ICU admission 191/827 (23.1) 60/250 (24.0) 131/577 (22.7) 

30-day all-cause mortality 66/685 (9.6) 27/209 (12.9) 39/476 (8.2) 
 

 

 
Within host genetic diversity 
In 12.4% (13/105) of cases where E. coli strains isolated from urine and blood cultures of the 

same patient were available, we found two phylogenetically distant strains with ANI values 

under 99.9% (Figure S5A). In order to compare the strain diversity within urine and blood 

culture samples, we picked 10 colonies for single colony sequencing each from urine and 

blood culture samples of three additional cases. In 1/3 urine samples, we observed 

phylogenetically distant strains, sharing under 99.9% ANI and displaying 71,193 - 80,916 

single nucleotide variants (SNV) in pairwise comparisons. When pairwise examining closely 
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related strains from the same sample (over 99.9 ANI), we identified a higher number of SNVs 

(median=3, IQR=[2,5]) for strains co-isolated from urine samples than for strains co-isolated 

from blood culture samples (median=2, IQR=[0,2], p-value = 0.00033, Mann Whitney U test 

(Figure S2B).  

Bacterial Genome Wide Association Study (GWAS) 
In order to identify bacterial factors promoting the progression of UTI, we performed a GWAS, 

including one strain per clinical case and using ‘bacteraemia’ as clinical endpoint. 

‘Bacteraemia’ was defined as at least one positive E. coli blood culture, compared to ‘non-

invasive UTI’ which was defined as at least one E. coli positive urine sample, with no blood 

culture being tested positive for E. coli within 7 days. We identified three unitigs of the gene 

papG as being significantly associated with ‘bacteraemia’ (Figure 3). All significant papG 

unitigs showed the highest ANI values to the papG variant papGII.  

Multiple genes (n=28) showed association to invasive infection just below the significance 

threshold and with a log10(p-value) above 4. (Supplementary Table S2). Seven of these 

genes (papA, papC_3, papE, papH, papK, papJ) encode P-pilus proteins.  
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Figure 3: Significance level and average effect size of all genes with mapping unitigs. Red dashed 

line: significance threshold corrected for multiple testing (log10(1.68E-08)). Genes are labelled if a 

log10(p-value) > 4.3 was identified.  

 

papGII is associated with invasive infection when correcting for patient 
characteristics 
In order to assess the impact of pathogen and patient-specific factors on the progression of 

UTI, we concurrently analysed these in a generalised linear model, using ‘bacteraemia’ as 

primary endpoint and ‘typical UTI symptoms’, ‘admission to ICU’ and ‘30-day all-cause 

mortality’ as secondary endpoints. As bacterial factors we included papGII carriage as the 
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most prominent hit identified in our GWAS. Further, we included phenotypically tested 

resistance against ceftriaxone as a bacterial factor in our model.  

E. coli strains encoding papGII were significantly more likely to be involved in invasive infection 

(OR 5.91, 95% CI = [3.44,7.88], p-value < 0.001) (Figure 4). Clinical cases which carried a 

papGII positive E. coli strain developed invasive infection in 55.2% (96/174), whereas 25.3% 

(166/657) of papGII negative clinical cases developed invasive infection. papGII thereby has 

a sensitivity of 36.7%, a specificity of 86.6%, a positive predictive value of 56.3% and a 

negative predictive value of 74.7%.  

Although not significant, and to a lesser extent, we observe a tendency of papGII to be more 

likely than E. coli strains which do not encode papGII to be involved in (i) clinical cases with 

typical UTI symptoms (OR 1.45, 95% CI = [0.98,2.15], p-value = 0.063) (Figure S6A) and (ii) 

clinical cases involving an ICU stay (OR 1.44, 95% CI = [0.95,2.18], p-value = 0.085) (Figure 
S6B). Strains encoding papGII were isolated from clinical cases for which a significantly higher 

concentration of C-reactive Protein (CRP) and higher leukocyte counts in blood samples 

(Figure S7), and significantly higher leukocyte and erythrocyte counts in urine samples were 

detected (Figure S8), compared to blood and urine samples from papGII negative infected 

cases. Urine samples of cases for which a papGII positive strain was isolated, showed a 

tendency towards a higher bacterial cell count (median = 7190/uL, IQR = [1401,12818] vs. 

median = 5216/uL, IQR=[757,11185], p-value = 0.056, Mann Whitney U test) and were less 

frequently tested positive for nitrite than urine samples of cases for which a papGII negative 

strain was isolated (Figure S7), although these differences were not significant (34.0% 54/159 

vs. 42.6%; 246/577, p-value = 0.06, Chi-squared test). 

We found no evidence of a papGII specific association with 30-day mortality (p-value = 0.22) 

(Figure S6C). We observed clinical cases with immunosuppression (OR 2.84, 95% CI = 

[1.63,4.95], p-value < 0.001) and male patients (OR 3.80, 95% CI = [2.58,5.58], p-value < 

0.001) being more likely to be associated with invasive infection (Figure 4). Patients 40 years 

and older were more often infected with papGII negative strains (612/764, 80.1%) compared 

to patients younger than 40 years (45/67, 67.2%) (p-value = 0.02, Chi-squared test), whereas 

there was no evidence for varying papGII frequencies between male and female patients (p-

value = 0.35, Chi-squared test), or between immunosuppressed and immunocompetent 

patients (p-value = 0.47, Chi-squared test) (Figure S9).  

Older patients were less likely to experience typical UTI symptoms (OR 0.81, 95% CI = 

[0.68,0.95], p-value = 0.011) (Figure S6A) and more likely to die within 30 days of diagnosis 

(OR 1.96, 95% CI = [1.27,3.02], p-value = 0.002). Immunosuppressed patients (OR 3.11, 95% 

CI = [1.45,6.70], p-value = 0.004) and patients with an increased CCI (OR 1.68, 95% CI = 

[1.30,2.16], p-value < 0.001) were more likely to die within 30 days of the E. coli diagnosis 

(Figure S6C).  
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Figure 4: Odds ratio estimates with 95% confidence intervals for invasive infection using the 

generalised linear model (GLM). n = 752 complete observations with 251 events. CCI = Charlson 

Comorbidity Index 

 

No evidence for papGII specific peak in MALDI-TOF mass spectra  
Our results and previous studies highlight the importance of papGII in invasive E. coli infection. 

Its early detection in clinical diagnostics would be desirable and give evidence towards a 

severe progression of an ongoing UTI. MALDI-TOF MS is the most widely used tool for 

bacterial species identification in routine diagnostics and we therefore aimed to assess 

whether there are papGII specific signals in MALDI-TOF MS spectra. We did not identify any 

papGII specific signal, nor a peak being associated with the absence of any papG variant 

(Figure S10).  

As papGII carriage is associated with the ExPEC phylogroups B2-1, B2-2, D1, D2, D3 and F, 

we further investigated whether the E. coli phylogroups can be distinguished by MALDI-TOF 

MS. We identified a mass shift from around 9711 Da to 9739 Da, which uniquely distinguishes 

the phylogroups B2-1, B2-2 and F from all other phylogroups. This mass shift has previously 

been identified as two different mass alleles of the acid stress chaperone HdeA. From MALDI-

TOF mass spectra (Figure S11) and predicted from genomic data (Figure S12) we observe 

the HdeA mass allele at 9712 Da in the ExPEC associated phylogroups B2-1, B2-2 and F and 

the mass allele at 9740 Da in the phylogroups A and B1 which are associated with a 
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colonisation clinical phenotype (Figure S11 and Figure S12). However, the ExPEC 

associated phylogroups D1, which also carries papGII, and D3 also encoded HdeA with a 

mass of 9740 Da. Strains of the phylogroup D2 were observed to encode HdeA of either 9712 

Da or 9740 Da (Figure S11 and Figure S12).  

 

Discussion 
In this study we have concurrently analysed bacterial genomic factors and patient 

characteristics and highlighted the importance of papGII in invasive UTI infections. Consistent 

with previous studies, we identified papGII in globally successful UPEC lineages (198). papGII 

often co-occurs with iuc, and rarely occurred in strains which were resistant to ceftriaxone, 

except within the globally disseminating ESBL UPEC lineage ST131.  

We observed over 75% of our strains and over 95% of our ExPEC phylogroup strains carrying 

genes which encode for polysaccharide capsules. This is a substantially larger fraction than 

has previously been reported in E. coli RefSeq sequences, where under 25% of assemblies 

carried the kpc locus (281). Capsular polysaccharides facilitate Gram negative bacteria to 

evade the innate host immune response (289), and the E. coli capsule K1 and K5 have been 

shown to do so by molecular mimicry, because identical polysaccharides are present on 

human cells (290). The increased proportion of polysaccharide capsules in our collection gives 

further evidence on the importance of capsules for E. coli to infect the human urinary tract. 

However, neither the data collected in this study, nor those from previous studies assessing 

E. coli bloodstream infection (198,199) suggested an association of these capsule loci with 

severe progression of UTI to invasive infection. 

In a subset of samples, we identified the E. coli strain isolated from the urine sample being 

unrelated to the E. coli strain isolated from the bloodstream from the same clinical case. 

Possible explanations for this observation are (i) a multi-strain infection of the urinary tract or 

(ii) a different port of entry to the bloodstream than the urinary tract. In a deeper analysis and 

in line with previous studies (202,291), we identified strains of different phylogroups isolated 

from the same urine sample which supports explanation (i). However, as we examined multiple 

colony picks from the same urine sample only for a small number of cases, further studies are 

required to assess the within-host E. coli strain diversity infecting the urinary tract and their 

dynamics in disease progression.  

In line with a previous study (198) we identified papGII as being associated with invasive 

infection in our bacterial GWAS. However, there was no evidence that iuc is associated with 

invasive infection in our data.  

The crucial role of papGII in invasive infections is further supported by our GLM, where we 

concurrently correct our analysis for important patient characteristics as well as resistance 
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against ceftriaxone. Our analysis also identified the increased likelihood of male patients 

developing invasive infection, which can presumably be explained by the increased 

occurrence of uncomplicated UTI in female patients (292).  

We did not consider other portals of entry than the urinary tract, which has been determined 

as the entry point in 50-60% of E. coli sepsis (199), and which certainly is a limitation of the 

current study as this might influence the clinical outcomes. However, as papGII binds to 

human uroepithelial and kidney cells (196,275), its impact on patient outcome might be even 

larger when exclusively examining patients with urosepsis, compared to all bloodstream 

infections. 

We examined whether there are MALDI-TOF MS peaks which are specific for E. coli strains 

carrying papGII and which could be used to detect these virulent UPEC clones in clinical 

routine diagnostics. The papGII protein weighs 37,667 Daltons (293) and lies beyond the mass 

range of MALDI-TOF MS devices routinely used for bacterial species identification, and 

unfortunately, no alternative peak was observed which could serve as a surrogate marker. We 

did, however, observe a previously described mass shift (294) of the acid stress chaperone 

HdeA which is specific for the ExPEC phylogroups B2-1, B2-2 and F, but fails to discriminate 

the ExPEC phylogroup D1-3 from the carriage associated phylogroups A, B1 and C. Although 

in this simple analysis no single signal was observed which unambiguously identifies papGII 

positive strains from MALDI-TOF mass spectra, more elaborate statistical analysis might still 

reveal a combination of peaks or intensity patterns allowing for the identification of such 

strains.  

 

Conclusions 
By performing a bacterial GWAS on genomes of 831 isolates, and by correcting for important 

patient characteristics, we highlight the importance of papGII in invasive UPEC infection. As 

no papGII specific signal was observed in MALDI-TOF mass spectra, rapid sequence based 

diagnostic assays represent a more promising approach for the early detection of this 

important factor, allowing the anticipation of disease progression.  
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Supporting information captions 
Figure S1: Core genome phylogeny of 831 E. coli strains. Columns represent (from left to 

right): the assigned phylogroup, the sequence type, phenotypic resistance against 

Ceftriaxone, Meropenem, Fosfomycin, Nitrofurantoin and Ciprofloxacin 

Figure S2: Distribution of E. coli phylogroups (left) and Sequence Types (ST) (right) in male 

(n=255) (upper row) and female (n=576) (lower row) patients. 

Figure S3: Distribution of E. coli phylogroups (left) and Sequence Types (ST) (right) in in 

female patients (n=576) younger than 40 years (n=54) (upper row) and older than 40 years 

(n=522) (lower row) patients. 

Figure S4: Distribution of E. coli phylogroups (left) and Sequence Types (ST) (right) in 

invasive infections (n=251) (upper row) and non-invasive infections (n=580) (lower row) 

patients. 

Figure S5: Within host genetic diversity of E. coli strains isolated from the same clinical cases 

A: core genome phylogeny of E. coli strains (n=225), isolated from the same clinical case 

(n=105), coloured by phylogroup. The numbers correspond to the case identifier and strains 

were only labelled, if they exhibited < 99.9% Average Nucleotide Identity to the strain isolated 

from the same clinical case. B: Single Nucleotide Variants (SNV) of 10 picked isolates from 

three cases, either from urine or blood culture samples. 

Figure S6: Odds ratio estimates with 95% confidence intervals for A: Typical urinary tract 

infection symptoms (n = 783 complete observations with 232 events); B: Admission to the 

intensive care unit (n = 827 complete observations with 191 events); C: 30-day all-cause 

mortality (n = 685 complete observations with 66 events); using generalised linear models 

(GLM). CCI = Charlson Comorbidity Index 

Figure S7: Bacterial cell count (A), nitrite status (B), leucocyte count divided by bacterial cell 

count (C) and erythrocyte count divided by bacterial cell count (D) measured in urine samples 

of cases, for which a papGII positive or a papGII negative E. coli strain was isolated from a 

urine or a blood culture sample 

Figure S8: C-reactive protein concentration (A) and leucocyte count (B) measured in blood 

samples of cases, for which a papGII positive or a papGII negative E. coli strain was isolated 

from a urine or a blood culture sample 

Figure S9: Relative occurrence of papGII in isolates from patients younger (n=67) vs. older 

(n=764) than 40 years, in male (n=255) vs. female (n=576) patients and in patients which were 

immunosuppressed (n=86) vs. patients which were not immunosuppressed (n=729).  
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Figure S10: Occurrence of MALDI-TOF mass peaks in spectra acquired from E. coli strains 

encoding no papG gene, encoding a papG variant other than papGII and encoding papGII. 

Each strain was measured in quadruplicate either on a Microflex Biotyper device, or an Axmina 

Confidence device. Masses are only depicted if detected in > 30% or < 25% of spectra for one 

or more of the groups. 

Figure S11: Occurrence of MALDI-TOF mass peaks in spectra acquired from E. coli strains 

of different phylogroups. Each strain was measured in quadruplicate either on a Microflex 

Biotyper device, or an Axmina Confidence device. Phylogroups for which less than five strains 

were available (E1, E2 and G) were excluded from the plot. Masses are only depicted if 

detected in > 50% or < 25% of spectra for one or more of the groups. 

Figure S12: Core genome phylogeny of the E. coli strains collected for this study (one strain 

per clinical case, n=831). Phylogroup assignment, Sequence Type (ST) (eight most frequent 

ones coloured, rarer STs in grey), papG variant, mass of HdeA, predicted from the amino acid 

sequence 

Table S2: Genes which showed a non-significant tendency towards being associated with 

invasive infection ( log10(p-value) > 4, but below the significance threshold).  
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Chapter III: Factors associated with MALDI-TOF mass spectral 

quality of species identification in clinical routine diagnostics  
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Abstract  
Background: An accurate and timely identification of bacterial species is critical in clinical 

diagnostics. Species identification allows a potential first adaptation of empiric antibiotic 

treatments before the resistance profile is available. Matrix assisted Laser Desorption 

Ionization Time of Flight mass spectrometry (MALDI-TOF MS) is a widely used method for 

bacterial species identification. However, important challenges in species identification 

remain. These arise from (i) incomplete databases, (ii) close relatedness of species of interest, 

and (iii) spectral quality, which is currently vaguely defined.  

Methods: We selected 47 clinically relevant bacterial isolates from 39 species, which can be 

challenging to identify by MALDI-TOF MS. We measured these isolates under various 

analytical conditions on two MALDI-TOF MS systems. First, we identified spectral features, 

which were associated with correct species identification in three different databases. 

Considering these features, we then systematically compared spectra produced with three 

different sample protocols. In addition, we varied quantities of bacterial colony material applied 

and bacterial colony age.  

Results: We identified (i) the number of ribosomal marker peaks detected, (ii) the median 

relative intensity of ribosomal marker peaks, (iii) the sum of the intensity of all detected peaks, 

(iv) a high measurement precision, and (v) reproducibility of peaks to act as good proxies of 

spectral quality. We found that using formic acid, measuring bacterial colonies at a young age, 

and frequently calibrating the MALDI-TOF MS device increase mass spectral quality. We 

further observed significant differences in spectral quality between different bacterial taxa and 

optimal measurement conditions vary per taxon.  

Conclusion: We identified and applied quality measures for MALDI-TOF MS and optimized 

spectral quality in routine settings. Phylogenetic marker peaks can be reproducibly detected 

and provide an increased resolution and the ability to distinguish between challenging species 
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such as those within the Enterobacter cloacae complex, Burkholderia cepacia complex, or 

viridans streptococci.  

 

Keywords 
MALDI-TOF MS, Quality Control, Standardisation, species identification, microbial 

diagnostics 

 

Introduction 
Matrix assisted Laser Desorption Ionization Time of Flight mass spectrometry (MALDI-TOF 

MS) has revolutionised microbial diagnostics. Due to its minimal hands-on and turn-around 

time, low costs, and high accuracy it has become the method of choice for bacterial species 

identification in clinical diagnostics (295,296). Multiple studies have highlighted the potential 

of MALDI-TOF MS to identify virulent or resistant bacterial sub-lineages within a species 

(297,298). Despite these potential applications, important challenges remain for routine 

diagnostics, such as the inability to properly differentiate clinically relevant taxonomic groups, 

such as the species within the Burkholderia cepacia complex (299), the K. pneumoniae 

complex (300) or viridans streptococci (301). Challenges in species identification arise from 

(i) incomplete databases, (ii) close relatedness of the bacterial species of interest, and (iii) 

poor spectral quality.  

Species identification through commonly used MALDI-TOF MS systems is based on the 

comparison of unknown spectra to reference spectra databases through pattern matching. 

MALDI-TOF mass spectra consist of peaks from highly abundant, intracellular proteins 

including ribosomal subunit proteins, which are present in high copy numbers in replicating 

bacterial cells (235,302). With the abundance of bacterial whole genome sequences, 

reference databases comprising predicted ribosomal subunit masses have become an 

alternative to pattern based microbial identification in MALDI-TOF MS. The mass of ribosomal 

subunits can be directly calculated from genomic sequences, as they are relatively conserved 

and rarely post-translationally modified. Their potential to serve as MALDI-TOF MS 

biomarkers has been applied to clinically relevant phylogenetic groups (76,85,303), and 

multiple databases using marker masses predicted from genomic data are now available 

(304–306). A ribosomal marker based approach has successfully been applied to distinguish 

between subspecies and clonal complexes within species such as Streptococcus agalactiae 

and Escherichia coli (76,307,308).  

When MALDI-TOF MS was first applied for microbial species identification (234) and in its first 

years in routine diagnostics, samples were processed using a protein extraction protocol 

(309). However, as high accuracies in species identification have been reported using a much 
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simpler procedure, applying bacterial colonies directly onto the MALDI-TOF MS target plate 

has become the standard sample preparation protocol in routine diagnostics (310,311). 

Although the Clinical and Laboratory Standard Institute (Pennsylvania, USA) has published a 

guideline on bacterial identification by MALDI-TOF MS (100), the definition criteria of spectral 

quality remain vague. Many diagnostic laboratories have developed their own Standard 

Operating Procedures for sample preparation and interpretation of species identification by 

MALDI-TOF MS. Currently it is already well established that MALDI-TOF mass spectral quality 

is influenced by the amount of bacterial colony material added to the target plate, the age of 

the bacterial colony, as well as the sample preparation protocol used (312–314). However, 

there is a clear lack of an optimal and standardised sample preparation and data analysis 

workflow. Criteria defining the spectral quality will help to compare differences in preparation 

and analytical workflows. Closing this gap will substantially increase the reproducible detection 

of phylogenetic marker peaks in MALDI-TOF mass spectra acquired and thereby improve 

species identification in routine diagnostics.  

The purpose of this study is to (i) identify quantitative spectral features suitable to define 

spectral quality, (ii) compare the influence of sample protocols for bacterial identification by 

MALDI-TOF MS, and (iii) raise awareness for the potential of an increased resolution of 

MALDI-TOF MS for subtyping and associated limitations. 

We have selected 47 clinically relevant bacterial isolates from 39 species and measured these 

under various conditions on two different MALDI-TOF MS systems. First, we identified spectral 

features, which positively correlate with correct species identification. Considering these, we 

systematically compared spectral quality produced with different sample protocols, with 

varying amounts of bacterial colony material applied, and with varying bacterial colony age.  

 

Materials & Methods 
Bacterial Isolates 
We selected 47 clinically relevant bacterial isolates from public and in-house strain collections. 

The included 39 species can be challenging to identify using MALDI-TOF MS, either because 

intracellular proteins cannot be ionised easily due to cell wall composition (e.g. 

Corynebacterium spp.), or because of their close relatedness to another bacterial species (e.g. 

Klebsiella oxytoca / Klebsiella michiganensis; Shigella / Escherichia coli).  

The bacterial isolates were assigned to 8 phylogenetic groups (Table 1). For the strains in 

each group, we expect both comparable spectral features (e.g. total number of peaks 

detected) and lysis characteristics, respectively. For the evaluation of species identification, 

the group ‘Streptococcus’ was further split up into ‘viridans streptococci’ and ‘other 

streptococci’ as the former group are of special interest in clinical routine diagnostics.  
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Table 1. Strains included in this study. Strains were either retrieved from in-house or commercial 

strain collections. Strains which are assigned the same ‘Group’ are expected to respond similarly to 

varying sample protocols, quantities of bacterial colony material applied and varying bacterial colony 

age. 

# Species 
Strain 
collection 

Internal strain 
number 

 
Group 

NCBI / ENA 
Accession 
Number 

01 Klebsiella pneumoniae in-house 602149-19 Enterobacteriaceae SAMN16951201 

02 Klebsiella oxytoca in-house 708776-17 Enterobacteriaceae SAMN12212273 

03 Klebsiella grimontii in-house 132656-17 Enterobacteriaceae SAMN12212117 

04 Klebsiella michiganensis in-house 401065-17 Enterobacteriaceae SAMN12212153 

05 Klebsiella aerogenes in-house 717657-17 Enterobacteriaceae SAMN12212322 

06 Klebsiella variicola in-house 717892-17 Enterobacteriaceae SAMN12212293 

09 Escherichia coli in-house 807627-2-16 Enterobacteriaceae SAMN16951202 

10 Escherichia coli in-house 807628-3-16 Enterobacteriaceae SAMN16951203 

11 Escherichia coli in-house 804255-13 Enterobacteriaceae SAMN16951204 

12 Escherichia coli in-house 805237-12 Enterobacteriaceae SAMN16951205  

13 Shigella flexneri in-house 300666-18 Enterobacteriaceae SAMN16951206 

14 Shigella flexneri in-house 301552-18 Enterobacteriaceae SAMN16951207 

15 Shigella sonnei commercial  DSMZ-5570 Enterobacteriaceae SAMN16951208 

16 Shigella sonnei in-house 301974-17 
Enterobacteriaceae SAMEA10443019

2 

35 Enterobacter sichuanensis in-house 403902-15 Enterobacteriaceae SAMN16951209 

36 Enterobacter hormaechei commercial ATCC-49162 Enterobacteriaceae SAMN16951210 

37 Enterobacter asburiae commercial ATCC-35956 Enterobacteriaceae SAMN16951211 

38 Enterobacter ludwigii commercial DSMZ-15213 Enterobacteriaceae SAMN16951212 

07 Listeria monocytogenes in-house 107373-13 Listeria SAMN16951213 

08 Listeria monocytogenes in-house O1910-17 Listeria SAMN16951214 
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17 Burkholderia cepacia in-house 208050-16 Burkholderia SAMN16951215 

18 Burkholderia contaminans in-house  O-13 Burkholderia SAMEA54114418 

19 Burkholderia multivorans in-house  O-10 Burkholderia SAMEA54118168 

20 Burkholderia cenocepacia in-house  O-3 Burkholderia SAMEA54110668 

21 Bordetella bronchiseptica in-house 502474-16 Bordetella SAMN16951216 

22 Bordetella pertussis commercial  ATCC-9797 Bordetella SAMN16951217 

23 Bordetella parapertussis commercial  ATCC-53893 Bordetella SAMN16951218 

24 Streptococcus pneumoniae in-house 144265-17 Streptococcus SAMN16951219 

25 Streptococcus infantis in-house 131226-17 Streptococcus SAMN16951220 

26 Streptococcus gordonii commercial ATCC-33399 Streptococcus SAMN16951221 

27 Streptococcus gallolyticus in-house PRA0000041 Streptococcus SAMN16951222 

28 Streptococcus lutetiensis commercial DSMZ-15350-TS Streptococcus SAMN16951223 

29 
Streptococcus 

pseudopneumoniae in-house 610886-17 
Streptococcus SAMN16951224 

30 Streptococcus equinus commercial ATCC-9812 Streptococcus SAMN16951225 

31 Streptococcus dysgalactiae in-house STO0000159 Streptococcus SAMN16951226 

32 Streptococcus dysgalactiae in-house 602125-13 Streptococcus SAMN16951227 

39 Staphylococcus aureus in-house 351358-18 Staphylococcus SAMN16951228 

40 Staphylococcus schweitzeri commercial DSM-28300-TS Staphylococcus SAMN16951229 

41 Staphylococcus argenteus commercial DSMZ-28299-TS Staphylococcus SAMN16951230 

42 
Corynebacterium 

amycolatum commercial ATCC-700206 
Actinobacteria SAMN16951231 

43 
Corynebacterium 

urealyticum commercial DSMZ-7109 
Actinobacteria SAMN16951232 

44 Gardnerella vaginalis commercial ATCC-14018 Actinobacteria SAMN16951233 

45 Winkia neuii in-house STO0000012 Actinobacteria SAMN16951234 

46 Actinomyces israelii commercial ATCC-10048 Actinobacteria SAMN16951235 
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47 Pasteurella multocida commercial ATCC-11039 

Gram negative 

Anaerobes 

SAMN16951236 

33 Bacteroides fragilis in-house 609216-11 

Gram negative 

Anaerobes 

SAMN16951237 

34 Bacteroides fragilis in-house 600609-16 

Gram negative 

Anaerobes 

SAMN16951238 

 

  

Whole Genome Sequencing 
Isolates were grown on Columbia 5% Sheep Blood Agar (bioMérieux, Marcy-l’Étoile, France) 

and DNA was extracted using the QIACube with the QIAamp DNA Mini Kit (QIAGEN, Hilden, 

Germany). After quality control of the DNA by Tapestation (Agilent, Santa Clara, USA), 

tagmentation libraries were generated as described by the manufacturer (Nextera Flex kit, 

Illumina, San Diego, USA). The genomes were sequenced under 24x multiplexing using a 

paired end 150 base pairs V3 reaction kit on an Illumina NextSeq500 instrument (Illumina) 

reaching an average coverage of approximately 60-fold for all isolates. The resulting raw reads 

were and assembled using Spades (v3.13) (277) via Unicycler (v0.3.0b) (239) using default 

settings. All accession numbers can be found in Table 1. Species identification of all strains 

was performed by comparing genomic sequences to bacterial type strains using Average 

Nucleotide Identity (ANIm) (315) and via the TrueBac ID database (316). For strains of the 

genus Bordetella we used ribosomal Multi Locus Sequence Typing for additional confirmation 

of the species identity (279).  

 

In silico prediction of ribosomal subunit protein masses from WGS data 
The molecular weight of 56 ribosomal subunits were predicted as previously described 

(76,85). Briefly, tblastn (v 2.2.31+) was used to extract the amino acid sequences of 56 

ribosomal subunits from whole genome assemblies. The most frequent post translational 

modifications (82), specifically N-terminal methionine loss (317) and methylation, were 

considered for subsequent prediction of the monoisotopic molecular weights of the ribosomal 

subunit proteins. For the ribosomal subunit protein L33, we added 15 Daltons to the predicted 

molecular weight for the genera Enterobacter, Escherichia, Shigella, Klebsiella and 

Pasteurella, accounting for a single methylation of these proteins.  

 

Spectra quality variables 
All scripts used in the course of this study can be accessed via GitHub 
(https://github.com/appliedmicrobiologyresearch/MALDI-TOF-mass-spectral-quality-study).  
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We queried each spectrum for the following features: (i) number of peaks, (ii) peak with the 

highest m/z value, (iii) m/z value of the peak at the 90th percentile, (iv) fraction of peaks with a 

m/z value > 10,000, and (v) sum of the intensity of all detected peaks. As the highest peak 

often corresponds to technical artefacts, we included the m/z value of the peak at the 90th 

percentile for further analysis.  

Furthermore, we queried each spectrum for the presence and intensity of ribosomal marker 

peaks predicted from the genomic sequence of the respective strain using an 800 ppm error 

range. If multiple peaks were detected in this error range, the one with the highest intensity 

and lower measurement error was considered for further analysis. Bacterial strains encode 

variable number of ribosomal markers in the mass range of 2,000 - 20,000 Da. We therefore 

normalised the number of detected marker peaks by dividing through the number of predicted 

ribosomal marker peaks in the MALDI-TOF MS mass range, when comparing between the 

bacterial taxa.  

To quantify measurement error, we calculated the mean distance between predicted and 

detected m/z value of ribosomal marker peaks for each spectrum. In order to estimate 

reproducibility, we calculated the ‘fraction of reproducibly detected peaks’. We defined this as 

the number of peaks, which were detected in at least three out of four technical replicates 

using a bin size of 800 ppm, divided by the number of peaks in each spectrum. A more detailed 

and graphical explanation of the MALDI-TOF mass spectral features analysed in this study 

can be found in Supplementary Methods 1. 

Further, we evaluate which of the above MALDI-TOF mass spectral features are good proxies 

for spectra quality and are associated with a correct species identification. We compared 

spectra for which the correct species was identified to spectra where the correct species could 

not be identified. Spectra for which the correct species could not be identified included spectra 

with wrong species being identified and spectra for which no species identification was 

possible. Henceforward, we will refer to these collectively as ‘incorrectly identified spectra’. 

We performed this analysis exclusively on species which are covered by all three databases 

included in this study (Table S1) and excluded empty spectra.  

In order to assess how spectra quality impacts species identification accuracy, we included 

spectra acquired using the ‘direct smear’, the ‘25% formic acid (FA) overlay’ or the ‘simple 

protein extraction’ method (see section ‘Variation of sample preparation’ for details) of the 

Enterobacter cloacae complex (Enterobacter hormaechei, Enterobacter asburiae and 

Enterobacter ludwigii), the Burkholderia cepacia complex (Burkholderia contaminans, 

Burkholderia multivorans and Burkholderia cenocepacia), and viridans streptococci 

(Streptococcus pneumoniae and Streptococcus pseudopneumoniae). We assigned these 

spectra to three intensity levels, by dividing the sum of the intensities of all detected peaks in 

three equal parts per group.  



 95 

 
MALDI-TOF MS spectra acquisition 
All MALDI-TOF mass spectra acquired for this study can be accessed via the Open Science 

Foundation (https://osf.io/ksz7r/). The bacterial isolates were cultured from MicrobankTM 

freezing beads (Pro-lab Diagnostics, Toronto, Canada) onto 5% Sheep Blood agar plates 

(bioMérieux, Marcy-l’Étoile, France) and subcultured before MALDI-TOF mass spectra 

acquisition. Strains were incubated under aerobic conditions at 37 °C except for strains of the 

species Bacterioides fragilis, Actinomyces israelii, and Winkia neuii, which were incubated 

under anaerobic conditions using a whitley A95 anaerobic workstation (Don Whitley Scientific 

Limited, Bingley, United Kingdom). Strains of the species Streptococcus pneumoniae, 

Bordetella pertussis, and Bordetella parapertussis were incubated under 5 % enriched CO2 

conditions. All mass spectra were acquired on reusable steel target plates (MBT Biotarget 96 

(Bruker Daltonics, Bremen, Germany) and steel target plates (Industrietechnik mab AG (Basel, 

Switzerland)).  

 

Variation of sample preparation 
We cultured the bacterial strains as described above. We prepared the strains under three 

different short protocols, all of which are frequently used in microbial diagnostics: (i) ‘Direct 

smear’ method: using a plastic inoculation needle, we transferred bacterial colonies onto a 

steel target plate and overlaid each spot with 1 µl α-Cyano-4-hydroxycinnamic (CHAC) matrix 

(Sigma-Aldrich, St. Louis, USA) and left it to air dry completely before MALDI-TOF MS 

measurements. (ii) ‘25 % FA overlay’: using a plastic inoculation needle, we transferred 

bacterial colonies onto a steel target plate and overlaid each spot with 1 µl of 25 % formic acid 

(Sigma-Aldrich, St. Louis, USA) and left it to air dry completely before applying 1 µl of CHAC 

matrix onto each spot. The target plates were left to air dry completely before MALDI-TOF MS 

measurements. (iii) ‘Simple protein extraction’: we transferred a heaped 1 µl inoculation loop 

of bacterial colony material into 1 ml PBS, rigorously vortexed, and centrifuged for 5 min at 

17,000 x g. We removed the supernatant and added 30 µl 70% formic acid and dissolved the 

pellet by pipetting up and down. 30 µl acetonitrile (Sigma-Aldrich, St. Louis, USA) were added 

and the mixture was vortexed before centrifuging for 5 minutes at 17,000 x g. Next, 5 µl of the 

supernatant were mixed with 25 µl of CHAC matrix before spotting onto the steel target plate. 

We performed measurements as quadruplicate on a Bruker microflex LT/LS ‘smart’ (Bruker 

Daltonics, Bremen, Germany) and a Shimadzu Axima Confidence (Shimadzu, Kyoto, Japan) 

MALDI-TOF MS device as technical replicates and repeated on three different days with fresh 

subcultures as biological replicates.  
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Variation of bacterial colony age 
We grew the strains over 1, 2, 3, 4, 5 or 6 nights before preparing them for measurement 

using the ‘25% FA overlay’ method described above. Each overnight culture corresponds to 

18 - 24 hours of incubation time. We performed measurements as quadruplicate on a Bruker 

microflex LT/LS ‘smart’ and a Shimadzu Axima Confidence MALDI-TOF MS device.  
 

Variation of bacterial colony material quantity 
The amount of bacteria transferred onto the MALDI-TOF MS steel target plate has been shown 

to impact spectral quality (100). The direct transfer of bacteria onto a steel target plate is 

difficult to standardise. We therefore decided to measure bacterial suspensions at different 

dilutions to assess the impact of the amount of bacterial colony material measured on mass 

spectral quality. We randomly selected the following two strains per phylogenetic group for 

this experiment: Enterobacteriaceae: #07, #08; Listeria: #09, #10; Burkholderia: #17, #19; 

Bordetella: #21, #23; Streptococcus: #26, #27; Staphylococcus: #39, #40; Actinobacteria: #45, 

#46; Gram negative anaerobes: #33, #34.  

We transferred a heaped 1 µl inoculation loop of bacterial colony material into 200 µl of TMA 

(1x) buffer (Sigma-Aldrich, St. Louis, USA). Next, 5 µl of the bacterial mixture was diluted in 

25 µl of CHAC matrix (1:5 dilution) and spotted onto the target plates. 5 µl of the suspension 

were transferred into a new tube containing 25 µl CHAC matrix (1:25 dilution). We continued 

the serial dilution up to a factor of 1:15,625. As the majority of measurements with 1:3,125 and 

1:15,625 dilutions yielded empty spectra, these were excluded from further analysis. We 

measured quadruplicates on two MALDI-TOF MS devices as technical replicates and 

repeated on three different days as biological replicates.  

 

Variation of time after calibration to assess the impact on measurement precision 
We performed the measurements on two microflex Biotyper devices (LH/LS and LH/LS 

‘smart’). Both devices were calibrated using the Bacterial Test Standard (BTS, Part.-Nr. 

8255343, Bruker Daltonics, Bremen, Germany) and steel target plates (Bruker Daltonics, 

Bremen, Germany). 

We used an E. coli strain from our strain collection (E. coli 805237-12) for these measurements 

as strains of this species generally yield rich spectra using routine sample preparation. We 

transferred bacteria onto a steel target plate, overlaid with 1 µl 70% FA, left to air dry 

completely before applying 1 µl CHAC matrix. Each measurement was performed in 

quadruplicate on two different target plates and MALDI-TOF MS devices as technical 

replicates and repeated by picking three different colonies as biological replicates. Spectra 

were acquired on days 1-7 after calibration on the same target plate which was used for 

calibration. BTS was measured on the row A of the target plate, measurements on day 1-7 
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after calibration were measured on rows B, C, D, E, F, G and H, respectively. Both MALDI-

TOF MS devices where used for microbial species identification in routine diagnostics over 

the duration of this experiment with a median of 39 (Interquartile range (IQR): [32, 51]) and 

137 (IQR: [123, 173]) of routine measurements per day on the microflex Biotyper LH/LS and 

the microflex Biotyper LH/LS ‘smart’, respectively.  

 

MALDI-TOF MS spectra processing 
In order to be most comparable to spectra acquired and processed in microbial routine 

diagnostic, we picked the peaks using default settings by the softwares included in the 

microflex Biotyper or the Axima Confidence system. Spectra acquired on microflex Biotyper 

devices were exported as ‘fid’ files and peak picking was performed in the flexAnalyses 

software (v3.4) and exported as ‘.txt’ files. Spectra acquired on the Axima Confidence devices 

were exported as ’.mzXml’ files. These do already exclusively contain m/z values and 

intensities of picked peaks and were converted to ‘.txt’ files. We subsequently exclusively 

worked with the intensity and m/z value of these picked peaks, and did not consider further 

peak characteristics such as the resolution or the signal to noise ratio of a peak.  

We excluded spectra as contaminations for which the identified genus did not match the genus 

identified by ANIm. Strain 17 and strain 20 are missing in one out of three repetitions of the 

‘simple protein extraction’ protocol, strain 32 is missing from day 6 and of strain 46 only three 

technical replicates were acquired on the Axima Confidence device using the ‘direct smear’ 

method.  

 

Species identification 
Each spectrum acquired on a Bruker device was compared to the MALDI Biotyper database 

(MALDI Biotyper Compass Library, Revision E (Vers. 8.0, 7854 MSP, RUO)) included in the 

included in the flexControl Software v3 (Bruker Daltonics, Bremen, Germany). Spectra 

acquired on the Axima Confidence device were analyzed with the VitekMS database 

(bioMérieux, Marcy-l’Étoile, France) (v3.2). Furthermore, we compared each spectrum to a 

ribosomal marker based database (PAPMIDTM (305), Mabritec AG, Riehen, Switzerland). In 

this study, we used this marker-based approach as a subtyping module and each spectrum 

was compared only to a subset of bacterial species. Spectra of the species Escherichia coli, 

Shigella flexneri, Shigella sonnei, Streptococcus gordonii, Streptococcus gallolyticus, 

Streptococcus lutetiensis, Streptococcus equinus, Streptococcus dysgalactiae, 

Corynebacterium amycolatum, Corynebacterium urealyticum, Gardnerella vaginalis, Winkia 

neuii, Actinomyces israelii, Pasteurella multocida, and Bacteroides fragilis were compared to 

databases including mass profiles of the respective bacterial family. Spectra of the closely 
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related Klebsiella spp., Enterobacter cloacae complex, Listeria spp., Burkholderia cepacia 

complex, Bordetella spp., Staphylococcus aureus complex, and viridans streptococci were 

identified using marker based subtyping modules exclusively including the species of the 

respective phylogenetic complex. Henceforward, species identification by these subtyping 

modules and using PAPMIDTM database, both based on the detection of ribosomal marker 

peaks will be referred to as PAPMIDTM. 

The MALDI Biotyper system classifies species identification according to log scores: mass 

spectra yielding a log score above 2.0 are assigned the label ‘highly confidence identification’, 

whereas spectra with a log score between 1.7 and 2.0 are assigned ‘low confidence 

identification’. Spectra with a log score lower than 1.7 are assigned ‘no organism identification 

possible’. For each spectrum with a log score above 1.7, we evaluated whether the species 

assigned by the MALDI Biotyper database corresponds to the true species identity determined 

by whole genome sequence analysis and ANIm. For species with a log score ≥ 2.0 we 

furthermore evaluated, how many species were assigned a log score ≥2.0.  

Similar to the MALDI Biotyper database, the VitekMS database assigns scores to each 

species classification. Furthermore, each species identification is assigned a Confidence level 

[%] and a Type of identification, which is either ‘Single Choice’ or ‘Low Discrimination’ and 

indicates whether the species identification was unambiguous or whether the database could 

not unambiguously discriminate between two or more species entries. Identifications with an 

assigned probability, lower than a probability threshold (60%) are not assigned a species label. 

In this situation, due to low confidence values, the Type of identification ‘No Identification’ is 

assigned. For spectra above the Confidence level threshold, we evaluated the Type of 

Identification and whether the assigned species corresponds to the true species identity of the 

measured strains.  

We compared all spectra in our dataset to a ribosomal marker-based database (PAPMIDTM). 

Marker based species identification tools such as the PAPMIDTM database assign scores 

which correspond to the number of ribosomal marker peaks detected. The bacterial species 

is assigned for which most marker masses could be detected in a mass spectrum.  

If a spectrum matches a maximal number of marker masses for multiple profiles of the same 

species, an unambiguous single species identification is assigned. If a spectrum matches an 

equal maximal number of marker masses from different species, multiple species are assigned 

(‘multi-species Identification’). Species identifications with fewer marker peaks detected than 

the taxon-specific identification threshold, are assigned the label ‘No identification possible’. 

The taxon specific thresholds used in this study were 20 for the species of the Enterobacter 

cloacae complex, 15 for Klebsiella spp. and Escherichia coli / Shigella, 7 for the species within 

the S. aureus complex, and 10 for all other phylogenetic groups included in this study.  
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Statistical analysis 
We used paired wilcoxon rank tests when comparing spectra acquired from the same strains 

under different conditions. We excluded spectra of strains which were missing in one of the 

sets of interest. We used unpaired wilcoxon rank tests when comparing spectra acquired from 

different strains, e.g. when comparing between different phylogenetic groups or between 

correctly and incorrectly identified spectra.  

When reporting comparisons in the running text, we refer to spectra acquired on the microflex 

Biotyper if not explicitly stated otherwise and use the nomenclature ‘median (lower bound of 

the IQR , upper bound of the IQR )’, throughout the study. Results and summary plots for 

spectra acquired on the Axima Confidence system can be found in the supplement.  

We report the exact p-values when these are > 0.0001 and report use ‘****’ for p-values < 

0.0001. All analysis was performed in R (4.0.3) using the ggpubr (4.0) package.  

 

Results 
Defining MALDI-TOF mass spectral quality 
In order to investigate spectral quality of the different datasets, we first assessed which 

spectral features are associated with a correct species identification with all databases and 

therefore suitable as quantitative measures for spectral quality. The spectra analysed here 

include a range of mass spectral quality, and were acquired using all different sample 

preparation protocols examined in this study and for the species included in three databases 

(MALDI Biotyper, VitekMS, PAPMIDTM) (Table S1).  

Five spectral features are good proxies for the correct species identification. In correctly 

identified spectra (i.e. high spectral quality) over all phylogenetic groups we found an increase 

in the number of ribosomal marker peaks detected (median = 22 IQR = (18, 25) (same 

nomenclature used throughout the paper) vs. 13 (6, 20)), their median relative intensity (1.27 

(1.02, 1.65) vs. 1.00 (0.77, 1.27)), the sum of the intensity of all detected peaks (1.69✕106 mV 

(0.97✕106 mV, 2.39✕106 mV) vs. 0.90✕106 mV (0.27✕106 mV, 1.62✕106 mV)) and a decrease 

in the measurement error (249 ppm (186 ppm, 338 ppm) vs. (289 ppm (213 ppm, 388 ppm)) 

(all p-values < 0.0001) when compared to incorrectly identified spectra (Figure 1 and Figure 
S1 - S2). In order to account for reproducibility, we included the fraction of reproducibly 

detected peaks between technical replicates as fifth quality measure. These five features were 

henceforth used to evaluate the spectral quality in the dataset.  

When comparing correctly to incorrectly identified spectra we observed, over all phylogenetic 

groups, a small increase in total number of peaks (173 (146, 203) vs. 163 (128, 206), p-value 

< 0.0001)). However, when comparing within each phylogenetic group, and especially for 

spectra acquired on the microflex Biotyper, we did not observe a beneficial effect of an 
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increased total number of peaks (Figure S1). Therefore, we did not include the number of 

peaks as a quality measure. The fraction of peaks > 10’000 Da (30.5 % (23.0 %, 38.2 %) vs. 

31.6 % (18.1 %, 42.4 %), p-value = 0.91) and the m/z value at the 90th percentile (15,323 Da 

(13,304 Da, 16,128 Da) vs. 15,387 Da (11,394 Da, 16,264 Da), p-value = 0.07) were 

comparable between correctly and incorrectly identified spectra, respectively.  

In the following, we evaluated which sample preparation yielded highest quality spectra, over 

all phylogenetic groups, for unknown samples and within each phylogenetic group separately. 
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Figure 1: Spectra features compared between correctly spectra and incorrectly identified 
spectra per phylogenetic group. Species identification was performed by the MALDI Biotyper 

database and spectra were acquired on a microflex Biotyper. (A) the number of detected ribosomal 

marker peaks, (B) the median relative intensity of these, (C) the sum of intensity of all detected peaks, 

(D) measurement error and (E) reproducibility i.e. number of peaks detected in three out of four technical 

replicates divided by the total number of peaks in a spectrum.  
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Mass spectral quality improvement with different sample preparation methods 
In order to identify the best sample preparation, we first tested three different protocols. Over 

all phylogenetic groups, we found the ‘25% FA overlay’ method yielded the highest spectral 

quality. 

We observed the median relative intensity of ribosomal marker peaks (1.49 (1.14, 1.91) vs. 

1.27 (0.97, 1.73), p-value = 0.025),the sum of the intensity of all detected peaks (2.16✕106 

mV (1.53✕106 mV, 2.73✕106 mV) vs. 1.80✕106 mV (1.22✕106 mV, 2.36✕106 mV)) and the 

fraction of reproducibly detected peaks (74.0% (66.0%, 80.1%) vs. 69.5%, (59.7%, 77.7%)) to 

be higher for spectra acquired under the ‘25% FA overlay’ method compared to the ‘smear’ 

method (p-values < 0.0001). Furthermore, we observed less variation when comparing the 

number of ribosomal marker peaks detected (22 (19, 25) vs. 22 (16, 25)) for spectra acquired 

under the ‘25% FA overlay’ method compared to the ‘smear’ method. 

Spectra acquired with the ‘simple protein extraction’ method yielded overall lower values for 

these measures (‘median relative intensity of the ribosomal marker peaks detected’: 1.17 

(1.03, 1.37); ‘sum of the intensity of all detected peaks’: 1.22✕106 mV, (0.74✕106 mV, 

2.14✕106 mV); ‘number of ribosomal marker peaks detected’: 19 (12, 23)) when compared to 

spectra acquired under the ‘smear’ method (p-values < 0.0001), except for the fraction of 

reproducibly detected peaks, where we observed higher values for spectra acquired under the 

‘simple protein extraction’ (73.7%, (65.3%, 82.2)) when compared to spectra acquired under 

the ‘smear’ method (p-value < 0.0001). The accuracy of identification by PAPMIDTM generally 

follows quality measures, with the highest fraction of correctly identified spectra under the 

‘25% FA overlay method’ (Figure 1, S3).  

 

Increased bacterial age decreased spectral quality 
In order to assess how the age of a bacterial colony influences mass spectral quality, we 

measured the strains in our dataset after varying incubation time. We found a younger 

bacterial colony to be associated with a higher mass spectral quality. Increasing colony age 

had a negative impact on spectral quality with less ribosomal marker peaks detected (19.5 

(17, 22) vs. 22 (20, 24)) and with a lower relative intensity (1.24 (0.96, 1.75) vs. 1.65 (1.34, 

2.12)), and a lower fraction of reproducibly detected peaks (69.5% (64.8%, 74.6%) vs. 71.2% 

(64.6%, 77.6%)) after three days when compared one day incubation time (p-values < 0.0001) 

(Figure 2).  

The accuracy of identification by PAPMIDTM generally follows quality measures, with an 

increasing number of spectra not being identified, and decreasing spectral quality over the 

time period.  
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Figure 2: Comparison of different sample preparation protocols and colony ages (A) Comparison 
of different sample preparation protocols across all 47 bacterial isolates, (including 3 biological 

replicates and 4 technical replicates for each strain and protocol) and (B) age of the bacterial colony 

(47 bacterial isolates, 4 technical replicates for each strain and day) for spectra acquired on a microflex 

Biotyper MALDI-TOF MS system. ‘****’: p-value < 0.0001.  
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The amount of bacterial colony material applied has a significant impact on 
spectral quality  
In order to identify the best preparation procedure, we tested varying concentrations of the 

bacterial sample applied to the steel target plate.  

Over all phylogenetic groups, we found that diluting the bacterial sample 1:5 did not decrease 

the number of ribosomal marker peaks detected (22.5 (14, 26) vs. 22 (19, 24)), nor the fraction 

of reproducibly detected peaks (75.2% (65.0%, 81.4%) vs. 72.4% (65.0%, 80.1%)) when 

compared to spectra acquired under the ‘25% FA overlay’ method (Figure 3).  

However, we observed a decreased median intensity of the ribosomal marker peaks (1.06, 

(0.94, 1.21) vs. 1.53 (1.16, 2.02)) and a decreased sum of the intensity of all detected peaks 

(1.17✕106 mV (0.50✕106 mV, 1.92✕106 mV) vs. 2.15✕106 mV (1.53✕106 mV, 2.64✕106 

mV)) for 1:5 diluted samples when compared to samples processed using the ‘25% FA 

overlay’ method (p-values < 0.0001). 

Diluting bacterial colony material 1:25 or more generally decreased mass spectral quality 

(‘number of ribosomal marker peaks detected’: 21 (8.75, 24); ‘median intensity of the 

ribosomal marker peaks: 1.07 (0.95, 1.29); ‘sum of the intensity of all detected peaks’: 

0.51✕106 mV, (0.16✕106 mV, 0.85✕106 mV)). However, we found taxon specific effects e.g. 

with Burkholderia yielding highest quality spectra with the highest number of ribosomal marker 

peaks detected with an additional dilution to 1:25 (Figure S5 and S6). 
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Figure 3: Comparison of the amount of bacterial colony material applied onto a steel target plate 

for spectral quality (16 bacterial isolates, 3 biological and 4 technical replicates per dilution and strain). 

Spectra were acquired on a microflex Biotyper MALDI-TOF MS system. ‘****’: p-value < 0.0001.  

 
Calibration is crucial 
All MALDI-TOF MS were externally calibrated in a routine setting and the effect of calibration 

has been previously investigated (318). Here, we tested the impact of time between calibration 

and the measurement on measurement precision. We found that the measurement error 
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increased with time after calibration, (Day 1: 194 ppm (166 ppm, 235 ppm) vs. Day 7: 296 ppm 

(236 ppm, 379 ppm)) (p-value < 0.0001) (Figure 3).  

 

 
Figure 4: Measurement error for Day 1 and Day 7 after calibration (1 bacterial isolate, 3 biological and 

4 technical replicates per day).  

 

Major differences in spectra quality between bacterial taxa  
Testing whether the mass spectral quality is sufficient for spectra acquired with the ‘25% FA 

overlay’ method for all bacterial taxa, we found important differences (Figure 5, Figure S7). 

Enterobacteriaceae was the biggest family in our dataset (18 strains) and strains within this 

family generally yielded rich MALDI-TOF mass spectra with a high fraction of ribosomal marker 

peaks detected 57.1%, (50.0%, 61.9%)). For statistical analyses, we used Enterobacteriaceae 

as a reference group (Figure 5, Figure S7). On both MALDI-TOF MS systems, we found 

Gram positive bacteria generally yielded lower quality spectra than the Gram negative strains, 

with a lower fraction of ribosomal marker peaks detected (46.1% (34.7%, 53.6%) vs. 55.0% 

(50.0%, 61.9%), a lower sum of the intensity of all detected peaks (1.64✕106 mV (1.11✕106 

mV, 2.39✕106 mV) vs. 2.38✕106 (1.91✕106 mV, 3.05✕106 mV)) and a lower fraction of 

reproducibly detected peaks (66.7% (60.2%, 73.9%) vs. 77.7% (72.0%, 82.8%)) (p-values < 

0.0001). Actinobacteria and streptococci other than viridans streptococci yielded lowest quality 

MALDI-TOF mass spectra with the lowest fraction of ribosomal marker peaks detected (43.6% 

(19.8% - 57.1%), 43.2% (33.5% - 48.3%), respectively) and the lowest fraction of reproducibly 

detected peaks (66.1% (57.2% - 72.4%), 62.3% (58.2% - 69.5%), respectively).  
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Among the generally lower performing Gram positive bacteria and against the general trend, 

we detected the highest median fraction of detected ribosomal marker peaks for Listeria 

(58.0% (54.5% - 61.4%)), whereas Gram negative anaerobes yielded the highest fraction of 

reproducibly detected peaks (79.0%, (75.6% - 83.7%)).  

 

 
Figure 5: MALDI-TOF mass spectra features and species identification of spectra acquired with 
the ‘25% FA overlay’ method and after one day of incubation on a microflex Biotyper (3 biological and 

4 technical replicates per strain). ‘****’: p-value < 0.0001.  

 

Differences between MALDI-TOF MS databases 
In order to evaluate different available databases, we compared spectra acquired on the 

microflex Biotyper to the MALDI Biotyper database (MALDI Biotyper Compass Library, 

Revision E (Vers. 8.0, 7854 MSP, RUO)) and spectra acquired on the Axima Confidence 

system to the VitekMS database (v3.2) for species identification. All spectra compared were 
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acquired under the ‘25% FA overlay’ method. Please note that, while spectra were compared 

to the entire latter two databases for species identification, they were compared only to a 

subset of entries or subtyping modules of the PAPMIDTM database.  

Neither the MALDI Biotyper nor the VitekMS database cover all species included in this study 

(Table S1). Spectra of strains belonging to species missing in these databases are often 

wrongly identified as closely related species represented in the database (Figure 6). The 

MALDI Biotyper database covers more species represented in our strain collection than the 

VitekMS DB (Table S1) and more often results in a correct species assignment (Figure 6). 

However, comparison of spectra to MALDI Biotyper databases can lead to ambiguous results 

with multiple species yielding Scores > 2.0.  

We observed the biggest difference between the MALDI Biotyper and the VitekMS database 

for Staphylococcus spectra, including spectra of the species S. aureus, S. argenteus and S. 

schweitzeri, with correctly identified species in 94.4% of spectra using the MALDI Biotyper 

database compared to 30.6% using the VitekMS database. 

Species identification by the PAPMIDTM yielded more often correct single species identification 

for spectra acquired on the Axima Confidence device than for spectra acquired on the 

microflex Biotyper device.  
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Figure 6: Evaluation of bacterial species identification. MALDI-TOF mass spectra were acquired 

on the microflex Biotyper (left) and the Axima Confidence (right) with the ‘25% FA overlay’ method and 

after one day of incubation (3 biological and 4 technical replicates for each strain). Species identification 
was performed by the three different databases MALDI Biotyper (upper left), the VitekMS (upper right) 

and PAPMIDTM (lower panels). Colour Code: green: correct single species identification: dark blue: 

correct identification, multiple species above threshold or VitekMS Identification Type ‘Low 

Discriminatory’; light blue: correct identification, MALDI Biotyper log score < 2, grey: no identification 

possible, yellow: wrong species identified, low security (MALDI Biotyper log score < 2 or VitekMS 

Identification Type ‘Low Discriminatory’), red: wrong species identified, high security (MALDI Biotyper 

log score > 2, VitekMS Identification Type ‘Single Choice’ and single species identification using a 
marker based approach).  

 
Increased mass spectral quality increased species identification accuracy 
In order to understand the impact of mass spectral quality on species identification accuracy 

in more detail we looked at three species complexes, namely the Burkholderia cepacia 

complex, viridans streptococci and the Enterobacter cloacae complex, and exclusively 

considering species which are covered by all three databases examined in this study. We split 

the spectra of these three complexes into three equal groups according to the sum of the 

intensity of all detected peaks in each spectrum, using this as a universally applicable proxy 

for spectral quality. We observed that with increasing intensity, the number of detected 

ribosomal marker peaks, their median relative intensity, the reproducibility and measurement 

precision increase, suggesting that these quality features are correlated.  

Importantly, we found a larger fraction of correctly identified species with a higher confidence 

level (MALDI Biotyper log score) with increasing spectral quality (Figure 7 and Figure S19). 

As an exception, we observed within the Enterobacter cloacae complex, an increase of 
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incorrectly identified spectra using the MALDI Biotyper database with an increasing spectral 

quality. 
 

 

 
Figure 7: Spectra quality features and evaluation of species identifications grouped by the sum 

of the intensity of all detected peaks. Spectra acquired on the microflex LT/LH. Colour Code: green: 

correct single species identification; dark blue: correct identification, multiple species above threshold; 

light blue: correct identification, MALDI Biotyper log score < 2; grey: no identification possible, yellow: 

wrong species identified, low security (MALDI Biotyper log score < 2), red: wrong species identified, 

high security (MALDI Biotyper log score > 2 and single species identification using a marker-based 

approach).  
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Taxon-specific sample preparation for highest spectral quality 
Following the inherent differences in mass spectral quality between the phylogenetic groups 

(Figure 5) we hypothesise taxon-specific improvement of spectral quality when using different 

sample preparation, quantity, and age of the bacterial colony. In order to assess these, we 

have compared the sample preparation conditions evaluated in this study, for each group 

separately (Figure S5-S6, S8 - S16). Here, we suggest optimized taxon-specific sample 

preparation and handling protocols in order to achieve optimal spectral quality. We 

summarised the optimal sample preparation and bacterial colony age per group which yielded 

good quality spectra (Table 2).  
 
Table 2: Optimal sample protocol and bacterial age summarised per phylogenetic group 

Group Protocol Day 

Enterobacteriaceae  25% FA overlay Day 1 

Listeria 25% FA overlay / Dilute 1:5 Day 1/2/3/4 

Burkholderia Dilute 1:25 Day 2 

Bordetella  25% FA overlay /Dilute 1:5 Day 1/2 

Streptococcus Simple protein extraction Day 1/2/3/4/5 

Staphylococcus Dilute 1:5 / Simple protein extraction Day 1/2 

Actinobacteria Simple protein extraction Day 1 

Gram - Anaerobes  Dilute 1:5 Day 1/2 

 

 

Discussion 
In this study we determined MALDI-TOF mass spectra quality features, associated with correct 

identification and showed that these features can be increased in routine diagnostics by 

adapting sample preparations protocols.  

Comparing the spectra quality yielded by varying sample preparations we found that over all 

phylogenetic groups and for unknown samples, measuring bacterial samples at a young age 

and overlaying the sample with 25% formic acid yielded the best quality spectra. As 

Enterobacteriaceae was the biggest group in our dataset, it had the strongest influence on the 

optimal sample preparation protocols when we analysed all strains congruently. Nonetheless, 

also when analyzing the impact of different sample preparation protocols for each group 
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separately, the ‘25% FA overlay’ method was amongst the best performing methods for most 

phylogenetic groups and with little hands-on time. 

Over all phylogenetic groups, we observe the highest mass spectral quality after one overnight 

culture, followed by a decrease in mass spectral quality with increasing bacterial colony age. 

However, slower growing bacteria might require a longer incubation time before sufficient 

bacterial material can be transferred onto a target plate and before entering a phase of 

exponential growth, where ribosomal proteins are highly abundant (235,302).  

We find that, over all phylogenetic groups, diluting the bacterial sample 1:5 does not decrease 

mass spectral quality and a dilution step can in fact increase the spectral quality for certain 

taxa.  

Overlaying the bacterial colony material with 25% formic acid does not increase spectral 

quality for all phylogenetic groups and can in fact often be omitted, and these samples can be 

prepared using the ‘direct smear’ method when the taxon of an isolate is known. On the other 

hand, not all phylogenetic groups yielded good-quality spectra even when overlaying the 

sample with 25% formic acid, most notably Actinobacteria. Here, a ‘simple protein extraction’ 

might be required to detect intracellular proteins (312).  

Summarizing our sample preparation experiments, we encourage laboratories working in 

routine diagnostics to measure unknown microorganisms after one night of growth, with little 

bacterial colony material, and overlaying each spot with 25% formic acid. If the spectra 

acquired using this protocol do not yield satisfying identification results, we furthermore 

propose the application of taxon-specific protocols. These can also be used to obtain optimal 

quality mass spectra for subtyping. 

To define mass spectral quality, we analysed several spectral features among which we 

identified the following five as best proxies: (i) number of ribosomal marker peaks detected, 

(ii) median relative intensity of ribosomal marker peaks, (iii) sum of the intensity of all detected 

peaks, (iv) measurement precision, and (v) reproducibility of all peaks. The first four were 

increased in spectra which were correctly identified with all three databases when compared 

to incorrectly identified spectra. The effect of these features is more pronounced when spectra 

are acquired on the Axima confidence than on the Microflex Biotyper. Incorrectly identified 

Axima Confidence spectra appear to be signal poor with a low total number of peaks (Figure 
S2). Incorrectly identified microflex Biotyper spectra can harbour a high number of peaks, but 

are sparse in ribosomal marker masses and sum of the intensity of all detected peaks, which 

suggests that these spectra are noisy (Figure S1). This is also reflected in the higher number 

of false positive hits in ribosomal marker masses leading to a higher fraction of wrongly 

identified microflex Biotyper spectra than Axima Confidence spectra when compared to the 

PAPMIDTM database. As hardware settings, such as the tension of the detector, might affect 

the total number of peaks, it remains unclear whether the observed trends hold true for all 
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microflex Biotyper devices. A study involving multiple devices is required to assess this 

question.  

When using the ‘25% FA overlay’ method, we found a median of 76.0% of peaks reproducibly 

detected in technical replicates of the same sample (Figure 2). This measure assesses the 

reproducibility of picked peaks with which we decided to work with, as they are the bases for 

species identification. This measure of reproducibility is different from the Pearson correlation, 

comparing the shapes of two or more spectra (319,320). A reproducible detection of 75% of 

the picked peaks in a spectrum with 100 peaks, would mean that 75 peaks were detected in 

at least 3 out of 4 technical replicates of the same measurement. By using optimal sample 

preparation methods, we can increase the number of reproducibly detected peaks. These 

reproducibly detectable peaks could potentially be used as marker peaks, additional to 

ribosomal subunit masses and for spectra identification, further increasing the resolution of 

this method.  

We observed the measurement error to increase with increasing time after calibration and 

therefore advise for frequent calibration of MALDI-TOF MS devices. 

Microbiology taxonomy is in flux and many bacterial species have been newly described or 

have changed the genus in recent years (321). It is hardly possible for any diagnostic database 

to be up to date at every moment in time. We would like to emphasise that we have included 

strains in this study which pose difficulties for bacterial species identification and that bacterial 

species identification by MALDI-TOF MS is highly accurate in routine diagnostics (314). The 

challenges posed by the species included in this study are known and also clearly 

communicated by the MALDI-TOF MS manufacturers by e.g. displaying a warning message 

indicating which species cannot, or not reliably be distinguished from one another.  

As the MALDI Biotyper database covers more of the species included in this study than the 

VitekMS database, spectral assignment from this database more often results in a correct 

species identification (Figure 6). This is most remarkable for spectra of the S. aureus complex, 

where the MALDI Biotyper database includes all three species (S. aureus, S. argenteus and 

S. schweitzeri), whereas the VitekMS database lists only S. aureus (Table S1). However, 

interpreting the MALDI Biotyper species identification is not always trivial as multiple species 

can yield a log score > 2, which is used as a threshold for the assignment ‘highly confidence 

identification’.  

Importantly, we have shown that an increased spectra quality can increase the accuracy of 

species identifications by all three databases. However, against the general trend, the number 

of incorrectly identified spectra increases with increasing spectra quality for species of the 

Enterobacter cloacae complex analysed with the MALDI Biotyper database. A possible 

explanation could be the MALDI Biotyper database frequently assigning the more frequent 

sister species E. cloacae sensu stricto. 
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We find Actinobacteria yielding the lowest spectra quality of all phylogenetic groups analysed 

in this study. When comparing spectra of this group to the PAPMIDTM database we find less 

often correctly identified spectra, compared to the other phylogenetic groups. For 

Actinobacteria only few ribosomal marker peaks can be detected, which makes distinction 

solely based on these, difficult. For this group, species identification using a pattern matching 

approach, applied by the MALDI Biotyper and the VitekMS database, more often yielded 

correct results. As it remains unclear which proteins form the basis of this species identification 

and how these vary between closely related species, it is possible that discrimination between 

closely related species might be challenging within Actinobacteria using a pattern matching 

approach. 

MALDI-TOF mass spectra quality might be influenced by factors not considered in this study 

including: (i) hardware factors such as the age and intensity of the laser; (ii) the type of MALDI-

TOF MS target plates and matrix used; (iii) culturing variables such as the agar media used 

or the atmosphere in which bacterial isolates are grown; (iv) spectra acquisition settings such 

as the number of laser shots applied and spectra averaged per measurement and (v) factors 

considering technical knowledge on acquiring MALDI-TOF mass spectra including regular 

training of staff and quality control of MALDI-TOF MS measurements. In order to assess and 

standardise MALDI-TOF mass spectral quality in routine diagnostics, a broader study 

comparing spectra acquired in multiple laboratories by different personnel is required.  

The reliable detection of marker peaks in clinical routine would allow for higher resolution 

typing based on MALDI-TOF mass spectra, also distinguishing between closely related 

species e.g. within the Klebsiella pneumoniae complex, the Staphylococcus aureus complex 

and within viridans streptococci. An effective standardisation in culture conditions and spectra 

quality assessment might help the automation process of colony picking and mass spectral 

acquisition. Using a marker-based approach for identification, we can congruently query 

spectra acquired on different MALDI-TOF MS systems around the world. Using the potential 

of routinely generated MALDI-TOF MS data for sub lineage detection would open up new 

avenues of disease control by tracing the spread of important sub-lineages in real time with 

little additional effort.  
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Abstract 
Objective: MALDI-TOF MS is a widely used method for bacterial species identification. 

Incomplete databases and mass spectral quality (MSQ) still represent major challenges. 

Important proxies for MSQ are: number of detected marker masses, reproducibility, and 

measurement precision. We aimed to assess MSQs across diagnostic laboratories and the 

potential of simple workflow adaptations to improve it.  

Methods: For baseline MSQ assessment, 47 diverse bacterial strains were routinely 

measured in 36 laboratories from 12 countries, and well-defined MSQ features were used. 

After an intervention consisting of detailed reported feedback and instructions on how to 

acquire MALDI-TOF mass spectra, measurements were repeated and MSQs were compared.  

Results: At baseline, we observed heterogeneous MSQ between the devices, considering 

the median number of marker masses detected (range = [5, 25]), reproducibility between 

technical replicates (range = [55%, 86%]), and measurement error (range = [147ppm, 

588ppm]). As a general trend, the spectral quality was improved after the intervention for 

devices which yielded low MSQs in the baseline assessment: for 4/5 devices with a high 

measurement error, the measurement precision was improved (p-values < 0.001, paired 

Wilcoxon test); for 6/10 devices, which detected a low number of marker masses, the number 

of detected marker masses increased (p-values < 0.001, paired Wilcoxon test).  
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Conclusion: We have identified simple workflow adaptations, which, to some extent, improve 

MSQ of poorly performing devices and should be considered by laboratories yielding a low 

MSQ. Improving MALDI-TOF MSQ in routine diagnostics is essential for increasing the 

resolution of bacterial identification by MALDI-TOF MS, which is dependent on the 

reproducible detection of marker masses. The heterogeneity identified in this EQA requires 

further study.  

 

Introduction 
MALDI-TOF MS is the most commonly used method for microbial species identification in 

modern diagnostic laboratories around the world (63) due to its minimal hands-on, short turn-

around time for measurements and data analysis, cost-efficiency and high accuracy (322,323).  

Multiple studies have shown the improved resolution gained by using marker-based analytical 

approaches (76,83,85,233) compared to pattern matching approaches. This insight has led to 

the development of marker-based databases for bacterial identification such as the Biotyper 

subtyping module (Bruker Daltonics, Bremen, Germany), PAPMIDTM (Mabritec AG, Riehen, 

Switzerland) (305), MALDITypeR (233), and Ribopeaks (324). In such approaches, specific 

peaks of interest, whose presence is associated with a species (325), lineage (308), or even 

mobile genetic elements (92,326), are queried in the acquired mass spectrum in order to 

increase specificity and resolution. Many of the peaks, which can be reproducibly detected in 

MALDI-TOF mass spectra, correspond to protein subunits of the bacterial ribosome (234). The 

improved resolution of a marker-based identification approach requires a high mass spectral 

quality (MSQ) in order to reproducibly detect marker peaks. It can be difficult to assess which 

marker peaks are reproducibly detected in MALDI-TOF mass spectra, as public datasets with 

matching genomic sequences and technical replicates of isolates from multiple devices are 

rare.  

Despite the success of MALDI-TOF MS for routine microbial species identification, multiple 

clinically-relevant species cannot be distinguished using pattern matching databases. 

Possible reasons for this are that (i) the databases are incomplete, (ii) the species of interest 

resemble closely other species in the databases, and (iii) MALDI-TOF mass spectra are of low 

quality. We previously compiled a diverse set of 47 bacterial strains, representing 39 species 

and 15 genera, which are difficult to be identified at a species level for the above-mentioned 

reasons (262). In this previous publication (262), we defined the following five important 

spectrum features as good proxies for MSQ: (i) the number of ribosomal marker peaks 

detected, (ii) the median relative intensity of ribosomal marker peaks, (iii) the sum of the 

intensity of all detected peaks, (iv) a high measurement precision, and (v) reproducibility of 

peaks between technical replicates. Applying these MSQ features, we previously assessed 
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the performance of three different sample preparation protocols (direct smear, formic acid 

overlay, and simple protein extraction) on different bacterial groups and consequently 

proposed to use the formic acid overlay protocol for unknown samples and group specific 

protocols (i.e. one of the above, depending on the bacterial group measured) for highest MSQ 

(262). Whether the proposed protocols can effectively increase MSQ in routine settings, when 

employed by different personnel and on different MALDI-TOF devices has yet to be evaluated.  

The aim of this study was therefore to (i) assess the MSQ obtained in routine diagnostics, (ii) 

assess whether there are routine practices associated with an increased MSQ, (iii) assess 

whether the MSQ can be improved using the protocols proposed, and (iv) compile a reference 

dataset of MALDI-TOF mass spectra including technical replicates, matching genomic 

sequences and extensive metadata.  
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Methods 
Design of the External Quality Assessment 
Figure 1 provides an overview over the workflow of this study.  

 

 
Figure 1: Overview on the workflow of the study. The upper panel shows the baseline quality 

assessment including 36 participating laboratories and the lower panel shows the post-interventional 

quality assessment including 32 laboratories using the same bacterial strains. 

 

Bacterial strains 
The bacterial strains used in this study have previously been described (262) and whole 

genome sequences are publicly available (Table S1). The masses of the ribosomal subunits 

have previously been predicted and these, as well as previously acquired MALDI-TOF mass 

spectra are publicly available, (https://osf.io/ksz7r/). 

This set of strains comprises 47 clinically-relevant bacterial isolates from public and in-house 

strain collections. The included 39 species can be challenging to identify using MALDI-TOF 

MS, either because intracellular proteins cannot be ionised easily due to cell wall composition 
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(e.g. Corynebacterium spp.), or because of their close relatedness to another bacterial species 

(e.g. Klebsiella oxytoca / Klebsiella michiganensis; Shigella / Escherichia coli). The bacterial 

isolates were assigned to eight groups, according to rough phylogenetic groupings (Table S1). 

For the strains in each group, we expected comparable spectral features. For the evaluation 

of species identification, the group ‘Streptococcus’ was further split up into ‘viridans 

streptococci’ and ‘other streptococci’, as the former group is of special interest in clinical 

diagnostics. 

 

Participating laboratories 
The baseline quality assessment encompassed 36 laboratories in 12 countries. Five 

laboratories participated with two MALDI-TOF MS devices, resulting in 41 measurement 

datasets. Of these, 32 laboratories with 37 devices also acquired MALDI-TOF mass spectra 

post-intervention, and of these, 28 laboratories with 33 devices acquired mass spectra using 

the workflow adaptation, consisting of the formic acid protocol and the group specific protocols 

(Figure S1, Table S2).  

 

Shipment and Culturing of the Bacterial Strains 
All strains were cultured on 5% Columbia Sheep Blood Agar plates before shipment in LBM 

eSwab transport medium (Copan, Brescia, Italy). Strains #33, #34, #45 and #46 require 

anaerobic conditions to grow, which was indicated to the participating laboratories. 

 

Baseline MALDI-TOF MSQ Assessment 
The participating laboratories were asked to culture the bacterial isolates and acquire MALDI-

TOF mass spectra according to their routine diagnostic procedures, which may vary between 

the laboratories. Furthermore, each laboratory was asked to fill out a questionnaire on routine 

laboratory practice by technical personnel handling the MALDI-TOF MS devices.  

 

Intervention 
Each participating laboratory received a detailed feedback report on the MALDI-TOF mass 

spectra acquired for the baseline quality assessment (example in Suppl. File 1.) and 

instructions on how to acquire MALDI-TOF mass spectra in subsequent measurements of the 

same strains, aiming to improve the MSQ using a standardised approach (Suppl. File 2).  

We provided two different sets of protocols: (i) a simple ‘generic protocol’ for all samples and 

(ii) group-specific sample preparation protocols, aiming at highest MSQ (262). We proposed 

the ‘formic acid overlay’ protocol as ‘Generic protocol for all samples’. Here, bacterial material 

was transferred onto the target plate using a wooden toothpick or a plastic inoculation needle. 
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The sample was subsequently overlaid with 1μl formic acid (70% for all laboratories working 

with a microflex Biotyper system and 25% for all others) and air dried before overlaying with 

1μl a-Cyano-4-hydroxycinnamic acid (CHCA) matrix solution. Measurements were performed 

after 12-18h incubation. Details on the protocols specific for the different bacterial groups can 

be found in the instructions document (Suppl. File 2).  
 

MALDI-TOF MS Spectra Processing 
Peaks were picked from raw spectra using default settings by the softwares included in the 

microflex Biotyper or the VitekMS / Axima Confidence system. Spectra acquired on microflex 

Biotyper devices were exported as ‘fid’ files and peak picking was performed in the 

flexAnalyses software (v3.4) and exported as text files. Spectra acquired on VitekMS / Axima 

Confidence devices were exported as ‘.mzXml’ (device ID 35, 38), as ‘.mzml’ (device ID 11, 

12, 15, 30) or as text files (device ID 09, 43). These already contain exclusively m/z values 

and intensities of picked peaks, and therefore ‘mzml’ or ‘mzXml’ files were converted to text 

files. We subsequently worked exclusively with the intensity and m/z value of these picked 

peaks, and did not consider further peak characteristics such as the resolution or the signal to 

noise ratio of a peak.  

We excluded empty spectra (0 peaks assigned using the above described peak picking 

methods) from further analyses. Further, we excluded spectra considered as contaminations, 

i.e. for which the identified genus did not match the genus identified from whole genome 

sequence data with the exception of E. coli / Shigella and Raoultella / Klebsiella, which were 

regarded as the same genera, respectively, in this study (120,158).  

MALDI-TOF MSQ Features  
We queried each spectrum for the following features to assess the MSQ: (i) the number of 

ribosomal marker peaks detected, (ii) the median relative intensity of ribosomal marker peaks, 

(iii) the sum of the intensity of all detected peaks, (iv) a high measurement precision, and (v) 

reproducibility of peaks between technical replicates (see Supplementary Methods for more 

detail). As factors (i) - (iii) often correlate (262), we have focused on factors (i), (iv) and (v) in 

the main text and figures of this study.  

Scripts used for spectra evaluation and data visualisation can be accessed via GitHub 

(https://github.com/acuenod111/MALDI-TOF-MS-EQA).  

Databases used for species identification 
Each spectrum acquired on a Bruker device was compared to the MALDI Biotyper database 

(MALDI Biotyper Compass Library, Revision E (Vers. 8.0, 8468 MSP, RUO, Bruker Daltonics, 
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Bremen, Germany). Spectra acquired on the Axima Confidence device were analysed with 

the VitekMS database (bioMérieux, Marcy-l’Étoile, France) (v3.2). Furthermore, we compared 

each spectrum to a ribosomal marker-based database, either PAPMIDTM or PAPMIDTM 

subtyping modules, (both Mabritec AG, Riehen, Switzerland, see Supplementary Methods 
for more detail). Both are based on the detection of ribosomal marker peaks and will 

henceforward be referred to as PAPMID™. 

More details about database scores and their interpretations can be found in the 

Supplementary Methods.  

Statistical Analysis 
We used paired Wilcoxon rank tests when comparing spectra acquired from the same strains 

and excluded spectra of strains, which were missing in one of the sets of interest. We used 

unpaired Wilcoxon rank tests (Mann Whitney U tests) when comparing spectra acquired from 

different strains. The nomenclature ‘median (lower bound of the IQR, upper bound of the IQR)’ 

was used when referring to data in the running text throughout the study. All analyses were 

performed in R (v4.0.3) using the ggpubr (v4.0) and the rstatix (v0.7) package. 

 

Results 
Heterogeneity in MSQ across diagnostic laboratories 
For the baseline quality assessment, we received 5,035 spectra measured on 41 devices from 

the 36 participating laboratories. We observed differences between the devices in MSQ 

considering the number of marker masses detected (e.g. device 7: median=25; interquartile 

range (IQR)=[20,28] and device 32: median=5, IQR=[3,14]) (Figure 2A).  

The heterogeneity of MSQ was reflected in varying accuracy in species identification: Over all 

bacterial strains and using a marker-based species identification, the fraction of spectra, which 

were correctly and uniquely identified to the species level, ranged from 22.5% (18/80 spectra, 

device 9) to 78.2% (147/188 spectra, device 35). Strains of the species Staphylococcus 

aureus (99/110 spectra), Staphylococcus argenteus (98/108 spectra), Staphylococcus 

schweitzeri (107/112 spectra), Listeria monocytogenes (219/230 spectra), Gardnerella 

vaginalis (86/90 spectra) and Pasteurella multocida (97/101 spectra) were correctly and 

uniquely identified using the PAPMIDTM database in at least 90% of comparisons, whereas 

strains of the species Winkia neuii (0/115 spectra), Corynebacterium urealyticum (8/120 

spectra) and Shigella flexneri (8/112 spectra, strain #14) were correctly and uniquely identified 

in less than 10% of comparisons. We observed no difference in MSQ between the different 

MALDI-TOF MS manufacturers and an increasing accuracy of species identification with 

increasing MSQ (Figure 2A).  
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The MSQ differed between bacterial groups with a lower MSQ observed for spectra of Gram 

positive isolates compared to spectra of Gram negative isolates (ribosomal subunits detected: 

16, [12, 20] vs. 18, [15, 22], p-value < 0.0001, p-values < 0.0001) (Figure 2B).  

In order to assess how well the participating devices were calibrated, we compared 

measurement errors and observed a four-fold difference when comparing the most and least 

precise measurements (device 11: median=147 ppm, IQR= [109 ppm,192 ppm] vs. device 41: 

median=588 ppm, IQR=[533 ppm,631 ppm]) (Figure 2C). 

These differences in MSQ are mainly represented by a few participating laboratories, while 

most laboratories provided data, which cluster around the overall median (16 (IQR = [13,19]) 

ribosomal subunits detected and 280 ppm [177 ppm, 426 ppm] in measurement error).  
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Figure 2: Comparison of MSQ at baseline quality assessment A: Number of ribosomal marker 

masses detected in MALDI-TOF mass spectra acquired on 41 devices (upper row) and the evaluation 

of the species identification results using a marker-based approach (lower row). B: Relative number of 
marker masses detected per phylogenetic group (upper row) and reproducibility between technical 

replicates (lower row). C: Measurement errors of the different devices.  

 

Routine laboratory practices are associated with MSQ 
Every participating laboratory filled out a questionnaire on laboratory practices (Suppl. Table 
3). Linking these answers to the acquired mass spectral data, we aimed to describe which 

practices are associated with high MSQ. As in each laboratory different combinations of 
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practices apply, some of which are not reflected in this questionnaire, we cannot identify 

causative factors of laboratory practices on spectral quality. However, we observed that 

certain practices correlated with improved MSQ represented by an increased number of 

ribosomal subunits detected: (a) Acquisition of spectra on steel targets compared to 

disposable targets (17 [13, 20], vs. 13 [10, 16], p-value < 0.0001), (b) Cleaning steel target 

plates with ‘Methanol-Acetone’ protocol compared to other cleaning protocols (23 [18, 26], vs. 

16 [12, 18], p-value < 0.0001) (c) Performing regular hardware services (17 [13, 20], vs. 15 

[11, 18], p-value < 0.0001), (d) Working with a MALDI-TOF MS workstation (i.e. for a certain 

period, one or more member of staff are responsible for all MALDI-TOF MS measurements as 

opposed to all staff members acquiring MALDI-TOF mass spectra at any timepoint) (17 [14, 

21], vs. 16 [12, 18], p-value < 0.0001), (f) Replacing the matrix solution after 7 or less days 

(17 [13, 20], vs. 15 [11, 17], p-value < 0.0001) and (f) Sub-culturing isolates on agar plates at 

least once after de-freezing, or culturing the isolates on agar plates from the eSwab transport 

medium, compared to strains which were measured directly after culturing on agar plates from 

frozen stocks (17 [13, 20], vs. 11 [6, 15.8], p-value < 0.0001) (Suppl. Figure 3).  
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Figure 3: Mass spectra quality features (i) number of detected marker masses and (ii) technical 

reproducibility of A: strains processed in laboratories using different culturing procedures (procedure A: 

Streaked out from frozen stock; procedure B: Streaked out from frozen stock, subcultured once; 
procedure C: Streaked out from eSwab; procedure D: Streaked out from eSwab, subcultured once) (left 

column), using different target plates (middle column) and using varying cleaning protocols (right 

column). B: performing hardware services or not (left column), working with a MALDI workstation or not 

(middle column) and keeping the matrix for varying time in the workflow (right column). Abbreviations: 

"MBT": microflex Biotyper; "VitekMS": includes VitekMS and Shimadzu devices. "***": p-value <0.001, 

unpaired wilcoxon-rank test  
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Impact of standardised protocols on MALDI-TOF MSQ  
Calibration 
In the next step, we aimed to assess whether adaptations of the sample preparation protocol 

could improve MALDI-TOF MSQ. We asked all participating laboratories to calibrate the 

devices before acquiring the second set of MALDI-TOF mass spectra, as calibration has been 

shown to decrease the measurement error (318). Compared to spectra acquired for the 

baseline quality assessment, the measurement error was significantly lower for the spectra 

acquired in this second round in 14/36 devices, no significant change was observed in 11/36 

and a significant increase in measurement error was observed on 11/36 devices. When 

focusing on devices, yielding a measurement error above 500 parts per million (ppm), which 

is often used as a threshold for marker-based typing applications, we recorded a significant 

decrease in measurement error in 4/5 cases (Figure 4).  

 

 
Figure 4. Measurement errors of spectra acquired in the baseline quality assessment (white) and after 

the intervention, which includes calibrating the device before spectra acquisition (blue). Devices are 

ordered, according to the median measurement errors recorded for spectra acquired for baseline quality 

assessment. Statistical comparisons performed using paired Wilcoxon rank tests. ‘ppm’ = parts per 

million.  
 

Comparing sample preparation protocols per device 
We observed an improved MSQ represented by an increased detection of marker masses 

using the formic acid overlay protocol compared to spectra acquired for baseline quality 

assessment in 10/36 devices, and a decrease in 17/36 devices. In 9/36 devices there was no 

significant change. Of the devices for which the median number of marker masses was lower 

than 15 for baseline acquired spectra (devices 9, 12, 20, 24, 25, 28, 30, 32, 33 and 41), we 

observed an increase of detected marker masses in 6/10 devices and a decrease in 1/10 

devices.  

Comparing the group specific protocols to the formic acid overlay protocol, we observed an 

increase in the number of marker masses detected in 7/34 devices, and a decrease in 18/34 
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devices. In 9/34 devices there was no significant change. The accuracy of species 

identification generally followed the number of marker masses detected (Figure 5).  
 

Figure 5 Impact of different sample preparation protocols on MSQ of spectra acquired on 28 
MALDI-TOF MS devices (devices on which not all bacterial groups were measured with all three 

protocols were excluded from this graph). A: Number of marker masses detected (upper row), 

reproducibility between technical replicates (middle row) and evaluation of a marker-based species 

identification (lower row) for spectra acquired with different methods and on different devices. Devices 

are ordered according to the number of marker masses recorded in spectra acquired for the baseline 

quality assessment. B: Number of marker masses detected (upper row), reproducibility between 
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technical replicates (middle row) and evaluation of a marker-based species identification (lower row) for 

spectra acquired with different methods and from various bacterial groups. The median values for each 

device are connected with a line.  

 

Sample preparation protocols have varying impact on different bacterial groups 
When comparing spectra acquired with the formic acid overlay protocol to the routinely 

acquired spectra per bacterial group, we surprisingly observed an increase of marker masses 

only in 1/9 bacterial groups, namely Staphylococcus (Figure 5B).  

Overall, we observed a negative impact of the group-specific protocols compared to the formic 

acid overlay protocol for many devices, which is mainly driven by two of the bacterial groups - 

Burkholderia and Gram negative anaerobes, for which we observed a decrease in the number 

of ribosomal subunits detected (14 (12, 16) vs. 9.5 (6, 13), p-value < 0.0001 and 15 (10, 18) 

vs. 14 (7, 17), p-value = 0.0153, respectively). For these two groups, the phylogenetic group-

specific protocol, which we had suggested, required diluting the samples homogeneously in a 

buffer solution.  

We observed a positive effect of using the simple protein extraction protocols compared to the 

formic acid overlay protocol for viridans streptococci (number of marker masses detected: 17 

(13.75, 20) vs. 14 (12, 17, p-value < 0.0001), Staphylococcus (number of marker masses 

detected: 18 (13, 23), vs. 17 (15, 19), p-value = 0.002) and Actinobacteria (number of 

phylogenetic marker masses identified: 12 (7, 18) vs. 11 (7, 14, p-value = 0.03, p-value < 

0.0001). 

We observed the same general trend of the accuracy and resolution of a marker-based 

species identification following the number of ribosomal marker masses detected. However, 

this did not hold true for (a) staphylococci, for which we observed a higher number of non-

identifiable spectra with a higher median number of ribosomal subunits detected, (b) viridans 

streptococci, for which an increase in detected ribosomal marker masses did not diminish the 

number of spectra which could not be identified and (c) actinobacteria, where the number of 

wrongly identified spectra increased drastically with an insignificantly lower number of 

ribosomal marker masses being detected.  

 

Discussion 
In this EQA, we systematically compared the MALDI-TOF MSQ between 36 routine diagnostic 

laboratories, using previously defined mass spectral features. EQA on the use of MALDI-TOF 

MS for microbial species have previously been reported (99), comparing the ability of 

diagnostic laboratories to identify a defined set of bacterial strains using MALDI-TOF MS. As 

the species identification results are influenced by the reference database and the MSQ, it is 

not possible to disentangle these two factors and the MSQ remains largely unknown. We (262) 
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and others (312) have previously shown how sample preparation adaptations can improve 

MSQ. Multiple studies examining MALDI-TOF MSQ have been performed on a single device 

(312,314). In this study, we assessed whether sample preparation protocols, which yielded 

high quality MALDI-TOF mass spectra in our hands, can increase MSQ more broadly in 

diverse routine diagnostic laboratories. We thereby compiled a comprehensive dataset of 

MALDI-TOF mass spectra with up to 250 technical replicates per bacterial strain, with 

extensive metadata and matching genomic sequences being publicly available. 

For the baseline quality assessment, we asked the participating laboratories to culture and 

measure the strains as they would do in their diagnostic workflow in order to mimic routine 

spectra acquisition. This makes disentangling methodological effects difficult, but reflects 

diagnostic reality. The spectra quality observed from these measurements might differ from 

the spectra quality observed in routine diagnostics, for the following reasons: (i) The 

participating laboratories knew beforehand that the quality would be assessed, which might 

have biased the participants towards putting more effort in these measurements, by e.g. 

repeating measurements, by including an additional calibration of the device or to let most 

experienced personnel perform the measurements; (ii) these strains were shipped using 

eSwab transport media and were not cultured directly from patient material; and (iii) it was 

indicated to grow all strains on standard blood agar plate, whereas in routine diagnostics 

bacterial colonies might be picked from other media (e.g. chromogenic or MacConkey 

medium); (iv) the samples were processed outside of the routine workflow and the unusual 

situation could have decreased MSQ, as special effort was required not to mix up the samples 

and protocols. 

We found a notable heterogeneity between measurements performed on different devices, 

which was driven by a few, poorly and highly performing devices. The fact that the MSQ from 

most devices clustered around the overall median highlights the robustness of the methods. 

When comparing spectra acquired using the standardised protocols included in our 

intervention to baseline acquired spectra, we found a positive effect of the intervention for 

devices performing poorly in the baseline quality assessment, whereas the effect of our 

intervention was often non-significant or even negative for devices performing well in the 

baseline quality assessment. As the sample preparation protocols were not strictly defined in 

the baseline quality assessment, it is difficult to identify patterns of sample preparation 

procedures, which are associated with an increase in MSQ on the basis of the data acquired 

here.  

Hardware factors such as (i) the sort and age (related to strength) of the laser, (ii) the 

cleanliness of the ion source, and (iii) the tension of the detector can impact MSQ and were 

not considered in this study. These factors might differ between the baseline quality 

assessment and the assessment of MSQ after the intervention, as these measurements were 
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performed several months apart, and their effect on MSQ cannot be accounted for with the 

data presented in this study. Both protocols proposed in the intervention were tested at the 

same time with the same hardware settings, and the differences in MSQ between these two 

protocols can be attributed to sample preparation alone.  

As previously described (312) the simple protein extraction protocol improves MSQ for Gram 

positive strains, however the observed effects were modest. For Burkholderia and Gram 

negative anaerobes, we proposed to prepare homogeneous dilutions of the samples, as we 

have previously reported a positive effect of such dilution steps for strains of these groups 

(262). However, this protocol did not perform well when tested by the participating laboratories, 

and we observed a negative effect on MSQ. We hypothesise that this discrepancy might either 

be the result of (i) differing amounts of bacterial inoculum used, as this was not indicated 

precisely enough in the instructions document or (ii) differing sensitivities of the MALDI-TOF 

MS devices used, coming from varying measurement settings.  

We observed the accuracy and resolution of a marker-based species identification mainly 

following the number of detected ribosomal subunits. Possible explanations, for examples 

where this trend is not followed, could be (i) although more marker masses were detected, no 

more discriminatory markers were found and the identification could therefore not be 

improved, or (ii) these spectra were particularly noisy, which led to more false positive marker 

masses.  

We have identified simple workflow adaptations which improve MSQ of poorly performing 

devices. We propose their usage whenever MSQ is not satisfactory and the desired bacterial 

identification cannot be achieved. Improving MALDI-TOF MSQ in routine diagnostics is 

essential for increasing the resolution of bacterial identification by MALDI-TOF MS, which is 

dependent on the reproducible detection of marker masses. The heterogeneity found in this 

EQA deserves further study in order to optimise MALDI-TOF MS-based routine identification 

in clinical laboratories.  
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Abstract 
Early administration of effective antimicrobial treatments is critical for the outcome of infections 

and the prevention of treatment resistance. Antimicrobial resistance testing enables the 

selection of optimal antibiotic treatments, but current culture-based techniques can take up to 

72 hours to generate results. We have developed a novel machine learning approach to 

predict antimicrobial resistance directly from MALDI-TOF mass spectra profiles of clinical 

isolates. We trained calibrated classifiers on a newly-created publicly available database of 

mass spectra profiles from clinically most relevant isolates with linked antimicrobial 

susceptibility phenotypes. This dataset combines more than 300,000 mass spectra with more 

than 750,000 antimicrobial resistance phenotypes from four medical institutions. Validation on 

a panel of clinically important pathogens, including Staphylococcus aureus, Escherichia coli, 

and Klebsiella pneumoniae, resulting in AUROC values of 0.80, 0.74, and 0.74 respectively, 

demonstrated the potential of using machine learning to substantially accelerate antimicrobial 

resistance determination and change of clinical management. Furthermore, a retrospective 

clinical case study of 63 patients found that implementing this approach would have changed 

the clinical treatment of 9 cases, which would have been beneficial in 8 cases (89%). MALDI-

TOF mass spectra based machine learning may thus be an important new tool for treatment 

optimization and antibiotic stewardship.  
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Introduction 
Antimicrobial resistant bacteria and fungi pose a serious and increasing threat to the 

achievements of modern medicine (327,328). Infections with antimicrobial resistant pathogens 

are associated with substantial morbidity, mortality, and healthcare costs (24). Rapid treatment 

with an effective antimicrobial is critical for the outcome of an infection (49,270). However, 

antimicrobial therapy and dosage need to account for the resistance profiles of presumed 

pathogens, and also have to consider host-specific factors such as patient age, kidney 

function, previous medical history, and concurrent medication. Early identification of the 

microbial species causing an infection can improve targeting of therapeutic options based on 

e.g., the knowledge of intrinsic resistance mechanisms and local epidemiology of resistance 

(48,329). However, only a detailed resistance profile permits treatments to be fully optimized. 

With current culture-based methods, the time from sample collection to resistance reporting 

can take up to 72 hours, meaning that for a substantial period, a patient may be receiving a 

too narrow- or too broad-spectrum antimicrobial drug (330,331). To limit the infection-related 

risk to a patient, broad-spectrum antibiotics are often used. The concept of an optimal 

selection of an antibiotic drug is an important pillar of antibiotic stewardship and has gained 

significant attention owing to the global emergence and spread of antibiotic resistant 

pathogens. A reduction in the time required for a resistance profile to become available will 

not only substantially improve patient outcomes, but would also align well with other goals of 

antibiotic stewardship (332), including reducing reliance on precious broad-spectrum antibiotic 

treatments, reducing unnecessary broad antibiotic use, and thereby combating the 

development of antibiotic resistance. In addition, rapid information on antimicrobial resistance 

may help to speed up infection prevention measures such as the isolation or cohorting of 

patients infected with presumed multidrug resistant pathogens. PCR-based molecular 

diagnostics may be able to detect single resistance genes directly from patient specimens 

more rapidly than any culture-based diagnostics. However, such molecular assays are 

generally narrow-spectrum assays of single gene targets and also suffer from problems with 

specificity of resistance that is not genetically-mediated (e.g. upregulation of efflux pumps), 

and the associated costs (333–335).  

Matrix-Assisted Laser Desorption/Ionization Time-of-Flight (MALDI-TOF) mass spectrometry 

(MS) has proven to be a rapid technology for microbial species identification. In just a few 

minutes, MALDI-TOF MS can be used to characterise the protein composition of single 

bacterial or fungal colonies (64,98,336), which are usually available within 24 hours after 

sample collection (48). MALDI-TOF MS enables precise and low-cost microbial identification, 

which has led to the technology becoming the most commonly-used method for microbial 

species identification in clinical microbiology laboratories (337). MALDI-TOF MS has the 
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potential to move beyond simply identifying an infecting pathogen. Extracting additional 

information directly from acquired MALDI-TOF mass spectra data may also enable 

antimicrobial susceptibility testing. Indeed, a recent study used MALDI-TOF mass spectra to 

detect markers associated with methicillin resistance in clinical samples of Staphylococcus 

aureus (338). However, the absence of a comprehensive catalogue of marker masses for all 

potential pathogen and drug combinations has made translating such efforts to clinical practice 

impossible. In this study, we harnessed the full potential of MALDI-TOF MS to predict 

antimicrobial resistance through machine learning methods. In this context, previous efforts 

are rare (339,340) and stymied by the lack of large, publicly-available, high-quality benchmark 

datasets (341,342).  

To develop clinically-applicable mass spectra-based antimicrobial resistance prediction 

approaches, we created the Database of Resistance Information on Antimicrobials and 

MALDI-TOF Mass Spectra (DRIAMS). DRIAMS is a large-scale, publicly-available, high 

quality collection of bacterial and fungal MALDI-TOF mass spectra derived from routinely-

acquired clinical isolates, coupled with the respective laboratory-confirmed antibiotic 

resistance profile. We used DRIAMS to undertake the first large-scale study of the utility of 

such spectra for antimicrobial resistance prediction, with the aim of improving both patient 

treatment decisions and antibiotic stewardship.  
 

Results 
DRIAMS: Clinical routine database 
From 2016 to 2018, we assembled a dataset of MALDI-TOF mass spectra from more than 

300,000 clinical isolates from four different diagnostic laboratories in Switzerland. The raw 

dataset comprises a total of 303,195 mass spectra and 768,300 antimicrobial resistance labels 

and represents 803 different species of bacterial and fungal pathogens. The dataset was 

processed and organised in four sub-collections (DRIAMS-A to -D; Fig. 1). DRIAMS-A, the 

largest collection with 145,341 mass spectra, was collected at the University Hospital Basel 

(Switzerland) and is used for the main analysis presented in this study. DRIAMS-A contains 

resistance labels associated with 71 different antimicrobial drugs, for which the number of 

spectra and antimicrobial resistance ratios can be found in Suppl. Tab. 1 and 2. Importantly, 

the MALDI-TOF mass spectra in DRIAMS-A could be obtained from clinical samples within 24 

hours of collection, enabling species identification on a rapid scale as compared to standard 

phenotypic resistance testing (Extended Data Fig. 1). The complete DRIAMS database is 

publicly available at https://doi.org/10.5061/dryad.bzkh1899q. 
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Figure 1: MALDI-TOF MS based AMR prediction workflow. Workflow of MALDI-TOF MS data pre-

processing and antibiotic resistance prediction using machine learning. A. (i) Data collection: Samples 

are taken from infected patients, pathogens are cultured, and their mass spectra and resistance profiles 

are determined. Spectra and resistance are extracted from the MALDI-TOF MS and laboratory 

information system; corresponding entries are matched and added to a dataset. Samples are filtered 
according to workstation. (ii) Quality control (QC) filtered datasets: After several quality control steps, 

the datasets are added to DRIAMS. (iii) Antimicrobial resistance (AMR) binarisation: antimicrobial 

resistance is defined as a binary classification scenario, with the positive class represented by all labels 

leading to the antimicrobial not being administered, i.e. intermediate or resistant, and positive, while the 

negative class represents susceptible or negative samples. B. (i) Pre-processing: Cleaning of mass 

spectra. (ii) Binning: Binning spectra into equal-sized feature vectors for machine learning. C. (i) Data 

splitting: For the experiments the samples are subset to only one species. Data is split into 80% training 
and 20% test, stratified by both antimicrobial class and patient case number. (ii) Classification: 

Antimicrobial resistance classifiers are trained using a 5-fold cross-validation for hyperparameter 

search, using the classification algorithms logistic regression, LightGBM, and a deep neural network 

classifier (MLP). (iii) Evaluation: Predictive performance is measured in metrics commonly used in 

machine learning (AUROC and AUPRC) and the medical community (specificity and sensitivity). (iv) 

Interpretation: Interpretation of individual feature contribution to antimicrobial resistance prediction 

through Shapley values and clinical impact through a retrospective case study on samples from the 

latest four months of collected data. 
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Machine learning for MALDI-TOF MS based resistance prediction 
To move beyond simple species identification, we pre-processed and binned mass spectra 

measurement points into fixed bins of 3 Daltons (Da), ranging from 2,000 Da to 20,000 Da, 

thus obtaining a 6000-dimensional vector representation for each sample. The selected bin 

size is sufficiently large to adequately represent each spectrum while still remaining 

computationally tractable (for details see Methods). Next, we converted the antimicrobial 

resistance categories, which are either recorded as susceptible, intermediate, or resistant in 

the laboratory reports associated with each sample, into a binary label (susceptible vs. 

intermediate/resistant) (for details see Methods). Specifically, we assigned intermediate or 

resistant samples to the positive class, and susceptible samples to the negative class (in most 

of the scenarios we considered, the positive class was the minority class). We then split the 

samples into training and testing datasets, ensuring that all data associated with a specific 

case was either part of the train dataset, or the test dataset, but not both, while keeping a 

similar antimicrobial class ratio in both train and test dataset. We used three machine learning 

approaches for classification, i.e. logistic regression (LR), gradient-boosted decision trees 

(LightGBM), and a deep neural network classifier (multi-layer perceptron, MLP), to predict 

resistance to each individual antimicrobial. The three models were selected because they 

represent different complexity classes of classifiers (for a more in-depth description of these 

approaches, please see Methods). Subsequently, we report the ‘area under the receiver 

operator characteristic curve’ (AUROC) and ‘area under the precision-recall curve’ (AUPRC) 

as performance metrics. AUROC can be understood as the probability of correctly classifying 

a pair of samples, i.e. a resistant/intermediate one and a susceptible one; AUPRC quantifies 

the ability to correctly detect samples from the smaller of the two classes 

(resistant/intermediate), while minimising false discoveries. Overall, we observed that 

LightGBM and MLP were the best-performing classifiers in terms of AUROC. Fig. 1 depicts 

the workflow from data collection and filtering, to spectra processing, and antimicrobial 

resistance prediction results.  

 

Species-specific AMR prediction yields high performance  
We first sought to determine whether the use of species-specific mass spectra in DRIAMS-A 

would result in high predictive performance. To this end, we performed a focused analysis for 

three clinically important pathogens: Staphylococcus aureus, Escherichia coli, and Klebsiella 

pneumoniae, all of which are on the World Health Organization ‘priority pathogens’ list (343). 

For each of the three species, we selected relevant antibiotics to test based on their clinical 

usage. We then created a DRIAMS-A subset for each antibiotic, which we further divided into 

stratified training and testing data as described above. For each of the three species we chose 
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one antibiotic resistance as the major scenario of interest; namely oxacillin as a marker for 

Methicillin-resistant S. aureus (MRSA) (344), and ceftriaxone resistance in E. coli and K. 

pneumoniae as a marker for resistance against broad spectrum beta-lactam antibiotics e.g., 

extended spectrum beta-lactamases or carbapenemases. We then trained a classifier using 

each model for each of the three major species-antibiotic pairs (see Suppl. Tab. 3). We 

analysed to what extent the respective best model was capable of predicting resistance to 

other antibiotics (see Fig. 2), observing high overall performance in both AUROC and AUPRC 

values; the classifier is therefore capable of providing precise antimicrobial resistance 

predictions. For S. aureus, the prediction of oxacillin resistance reached a high performance 

with AUROC of 0.80 and AUPRC of 0.49 at a positive (i.e. resistant/intermediate) class ratio 

of 10.0%. The percentage of positive samples in the test dataset (class ratio) states the 

AUPRC performance of a random binary classifier and therefore states the baseline to which 

the classification performance needs to be compared to (see Methods for further details). 

According to clinical laboratory protocols used in DRIAMS-A, for S. aureus strains, the 

reported susceptibilities to beta-lactam antibiotics are inferred from the oxacillin susceptibility 

test results. We also observed high performance for E. coli and K. pneumoniae, where the 

prediction of ceftriaxone resistance reached AUROC values of 0.74 in both species, and 

AUPRC values of 0.30 and 0.33, at a positive class ratio of 10.0% and 8.2%, respectively. We 

would expect the generation of such resistance information within 24 hours to have a 

substantial impact in treatment adaptation and infection prevention management. Overall, this 

experiment demonstrated that a species-specific classifier can achieve clinically useful 

prediction performance with significantly faster determination of antibiotic resistance 

compared to the laboratory standard of phenotypic resistance determination (Extended Data 
Fig. 1). We also analysed to what extent the combination of species identity and mass 

spectrometry information outperforms predictions based on species identity alone. We 

analysed AUROC predictive performance for the 42 studied antibiotics (see Extended Data 
Fig. 2). For 31 of them, AUROC values above 0.80 were reached, implying highly accurate 

predictions. Moreover, for 22 antibiotics, we observed statistically significant improvements in 

prediction performance using the combined mass spectra in DRIAMS-A as compared to using 

only species information for resistance prediction. The results clearly demonstrate the 

predictive power of mass spectra based antimicrobial resistance prediction. 
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Figure 2: ROC and PR curves of best performance antimicrobial resistance prediction models 
on DRIAMS-A. The curves were created by appending the scores while the displayed values stem from 
reporting the mean for 10 different shuffled stratified train–test splits, matching values to the tables. A. 
E. coli (LightGBM) For E. coli, the best-performing predictor was that for ciprofloxacin, followed by 

ceftriaxone, critical antibiotics indicating an extended beta-lactamase (ESBL) if resistant. B. K. 
pneumoniae (MLP) For K. pneumoniae, cefepime exhibited the highest performance of 0.76 AUROC, 

also indicating an ESBL if resistant. Compared to the other scenarios, its ROC curve has a larger step 

size, but with over 500 test samples, the sample size is comparable to the other antibiotics. C. S. aureus 

(LightGBM) Finally, for S. aureus, our model performed best for oxacillin, with an AUROC of 0.78. This 

is particularly relevant, as for S. aureus, the resistance to other beta-lactam antibiotics (including 
amoxicillin/clavulanic acid and ceftriaxone) is directly derived from oxacillin resistance, indicating a 

methicillin resistant S. aureus (MRSA).  
 

 

External datasets improve antimicrobial resistance prediction 
The use of pre-trained machine learning models could expedite uptake of this approach in 

clinical laboratories already using MALDI-TOF MS for species identification. As such, we 

assessed whether predictive performances reached using data from one site (e.g. one specific 

hospital) are transferable to other sample collection sites. For the datasets DRIAMS-A to -D, 

each representing one of our four sites, we divided data associated with each case into train 

and test datasets as described above, and then trained a predictor before testing on each site. 

We also compared this site-specific training with predictors trained across all sites. The results 
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indicate that site-specific training reaches better predictive performance compared to across-

site validation. Within the site-specific training, the large DRIAMS-A dataset is the or among 

the best-performing sites (Fig. 3).  

We further investigated whether we could improve prediction for sites where a large dataset 

is unavailable by leveraging existing large external datasets such as DRIAMS-A. We therefore 

trained on combinations of training datasets from different sites, including different 

combinations of the four sites DRIAMS-A to -D, and tested on a single external site DRIAMS-

B to -D. While the transferability of predictive performance from one site to another is an active 

area of research in the machine learning field of domain adaptation, a recent study (345) has 

shown that using empirical risk minimization by learning a single model on pooled data across 

all training environments often outperforms more complex domain adaptation approaches. 

The results indicated that the addition of training datasets from other sites to the external site 

train data was beneficial for validation sites DRIAMS-B and -C (Suppl. Tab. 4). For external 

validation site DRIAMS-D, the best predictive performance was still reached when training 

exclusively on the site-specific training data. For external validation sites DRIAMS-B, the 

addition of the large DRIAMS-A dataset proved most beneficial for scenarios E. coli 

(ceftriaxone) and K. pneumoniae (ceftriaxone), while adding more data from DRIAMS-C to the 

training data was beneficial for S. aureus (oxacillin). 

 
Figure 3: Validation predictive performance of each scenario trained and tested on DRIAMS-A 
to -D (AUROC). The results show the mean AUROC performance of 10 random train-test splits. For 
comparability, the train-test splits are kept the same for each of the respective four DRIAMS datasets. 

The values reported on the top-right (both training and testing DRIAMS-A) correspond to the values 

reported in Suppl. Tab. 3. With the exception of DRIAMS-B E. coli (ceftriaxone), the highest 

performance is reached when training is performed on the same site as testing. DRIAMS-A and 

DRIAMS-D exhibit the highest transferability with respect to predictive performance, and overall, 

transferability seems higher in E. coli as compared to K. pneumoniae and S. aureus. Due to the different 

class ratios between test datasets on different sites, AUROC was chosen to permit comparability. The 
scenario abbreviations follow Suppl. Tab. 3. For S-OXA no DRIAMS-D data is available. 
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Species-stratified learning yields superior predictions  
Next, we analysed whether classifiers can improve the predictive performance by training on 

a large number of samples from multiple species (as opposed to training on samples from a 

single species). It is known that different species of bacteria can be resistant to a specific 

antimicrobial through different mechanisms. For example, resistance against beta-lactam 

antibiotics in Gram-negative bacteria, such as E. coli, may be caused by the production of 

beta-lactamases, such as CTX-M (346), TEM, and SHV (347,348) or carbapenemases, such 

as OXA-48 (349). Resistance against beta-lactam antibiotics in Gram-positive bacteria, such 

as S. aureus, can be caused by a penicillinase (blaZ), resulting in a resistance only against 

penicillin (350), or by an alteration within the penicillin-binding protein (PBP2a), resulting in 

the MRSA phenotype with resistance against multiple beta-lactam antibiotics (351). Hence, 

pooling spectra across species and predicting antimicrobial resistance using the same model 

regardless of the species poses a more complex learning task than predicting antimicrobial 

resistance within one specific species. However, stratification by species reduces the number 

of samples available for training and might therefore lower predictive performance. We 

assessed the trade-off between the number of available samples and predictive performance 

by comparing the performance of (i) a model trained to predict antimicrobial resistance using 

samples from across all species (ensemble) with (ii) a collection of models trained separately 

for single bacterial species (Fig. 4A). Each point of the depicted curves corresponds to one 

classifier, trained with the number of samples specified on the x-axis. The last, i.e. rightmost, 

point of each curve hence corresponds to the scenario in which all available samples are being 

used. We observed that training a model for individual species separately led to improved 

performance for all species, despite the reduction in sample size. Notably, all training samples 

used to reach the last single-species classification results were also included in the training 

samples for the last ensemble classifier. The last ensemble classifier therefore had access to 

at least the same amount of information about the respective species as the last single-species 

classifier. Nevertheless, it never outperformed the single-species classifiers except for 

oxacillin resistance in S. aureus. Furthermore, a few curves reached a plateau, with the single-

species classifier increasing more sharply with the last addition of more training samples. This 

demonstrates the higher complexity of the ensemble prediction task and the benefit of a larger 

training dataset, which are critical for capturing different resistance mechanisms. 
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Figure 4: Stability of results with different dataset perturbations. The scenario abbreviations follow 

Suppl. Tab. 3. A. Predictive performance with increasing sample size AUROC and AUPRC as a 

function of sample size for complete and species-stratified DRIAMS-A datasets. Experiments were 

repeated for ten different shuffled train–test splits. The data are presented as mean values (represented 

by solid curves) +/- standard deviation (upper and lower envelope curves) of these repetitions. Results 

are shown for the three major scenarios of interest. With equal sample size, training only on samples 

from a single species is outperforming training in all scenarios. Even for the datasets containing all 
available samples from the target species (the rightmost points of each curve), the single-species 

scenario outperforms the ensemble in both E. coli and K. pneumoniae (ceftriaxone), while the curves 

reach a similar predictive performance for S. aureus (oxacillin). B. Temporal validation in DRIAMS-A 
reporting AUROC (upper) and AUPRC (lower) of sliding 8-month training window on fixed test 
set. The test dataset is the data collected in the last four months May to the end of August 2018. For 

E. coli (ceftriaxone) (E-CEF) and S. aureus (oxacillin) (S-OXA) the predictive performance decreases 

with increasing temporal distance to the test set, but the fluctuations in the curve are of the same size 

as the drop over time. The predictive performance for ceftriaxone in K. pneumoniae (K-CEF) decreases 
more continuously and drastically with increasing temporal distance to the test set. 
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Current samples necessary for accurate resistance prediction 

Mass spectra profiles are subject to variations and differences over time, caused by biological 

differences through the ongoing evolution of the local microbial populations (with new strains 

being introduced by, for example, travelling), or by technical differences, such as changes 

after MALDI-TOF MS machine maintenance (such as laser replacement and adjustment of 

internal spectra processing parameters through machine calibration). To guide and encourage 

further method development, we wanted to illustrate challenges and limits of mass spectra 

based antimicrobial resistance prediction. Hence, we studied whether recent samples are 

necessary, and whether adding more samples collected at older timepoints would increase 

predictive performance. We fixed the latest four months of data from DRIAMS-A as a test 

dataset, and trained classifiers on data collected within 8-month training windows with 

increasing temporal distance to the test collection window, simulating the availability of older 

samples. The training data within the training window was oversampled to match the class 

ratio in the test data; however, sample sizes could still vary between training windows. We 

observed a slight decrease in performance with increasing temporal distance between training 

and testing data (Fig. 4B) for E. coli and S. aureus; with a larger decrease for K. pneumoniae. 

We explain this drop by the aforementioned differences that accumulate over time, highlighting 

the positive effect of having access to recent training samples. Extended Data Fig. 5 also 

indicates that the reduction in performance training on older datasets could in fact stem from 

a lower sample size, as the MALDI-TOF MS technology usage at the DRIAMS-A collection 

site increased over time. 

 
Analysis of feature contributions through Shapley values 
Only very few studies have considered full mass spectrum information instead of single peaks 

for antimicrobial phenotype prediction19. We therefore wanted to assess whether predictive 

performance is primarily driven by only a subset of the peaks, or whether the full spectrum is 

employed. While this question is partially addressed by the use of feature importance values, 

their use without additional information can be misleading as their interpretation is highly 

contingent on the classifier that was employed. Hence, for further analysis, we also calculate 

the Shapley values, a concept originating from coalitional game theory, which enable the 

interpretation of model output contributions on both the dataset and per-sample level for each 

feature (352). Fig. 5 visualizes the average and per-datapoint Shapley values for the 30 

features with the highest average contribution. As the tails of the distribution plots for each 

feature are coloured with either the highest or lowest feature value, we see that the predictor 

is using either the presence of a high intensity value (red) or the absence of any measured 

intensity (blue) for a positive (resistant/intermediate) class prediction. In case of S. aureus 

(oxacillin) for the top four mass-to-charge bins the presence of a peak indicates the positive 
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(resistant/intermediate) class, while for E. coli (ceftriaxone) also the absence of a peak can 

strongly contribute to a positive class prediction. We further observe that most of the feature 

bins with the highest average impact are feature bins with a mass-to-charge of less than 

10,000 Da (79 out of 90 features bins in Fig. 5). Most proteins that are reproducibly detected 

in MALDI-TOF MS have a weight less than 10,000 Da (262) and the signal indicates their 

presence or absence. The feature importance distributions over all 6,000 features (Extended 
Data Fig. 4) stemming directly from the classification models indicate that the classifiers utilize 

the entire range of features. 

Most reference studies have focused on oxacillin resistance in S. aureus and have identified 

peaks that were either used to distinguish between methicillin susceptible S. aureus (MSSA) 

and MRSA or to distinguish between MRSA sub-lineages (66,77,92,94,353–357). A subset of 

these discriminatory peaks were identified to correspond to either (i) constitutively conserved 

housekeeping genes or (ii) other peptides such as stress proteins or low molecular weight 

toxins (354). The mass of three of the identified proteins, 3007 Da (Delta-toxin), 3891 Da 

(uncharacterised protein SA2420.1), and 4511 Da (uncharacterised protein SAR1012) can be 

attributed to highly contributing feature bins (Fig. 5, Suppl. Tab. 5). A peak at 2415 m/z has 

previously been identified as MRSA specific (92). This peak corresponds to the peptide PSM-

mec (77), which is encoded on a subset of SCCmec cassettes in close proximity to mecA 

(79,358), which encodes resistance to oxacillin. This peak corresponds to the 83rd highest-

ranked feature bin of 2414-2417 m/z (out of 6000 feature bins overall) of our respective 

classifier.  

The increased occurrence of multidrug resistant E. coli has been attributed to the spread of a 

few clonal lineages, in particular to sequence type (ST) 131 (359). Previous studies (93,360) 

have identified ST131 characteristic peaks (8448m/z. 8496m/z, 11783m/z), which can be 

attributed to feature bins receiving high feature importances and Shapley values by the 

ceftriaxone E. coli classifier. 
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Figure 5: Quantification of feature impact on prediction through analysis of Shapley additive 

explanations (SHAP) values of the 30 most impactful features. Scenarios are A. E-CEF (LightGBM) B. 
K-CEF (MLP) C. S-OXA (LightGBM). For each scenario, a barplot on the left indicates the mean 

Shapley value, i.e. the average impact of each feature on the model output magnitude. The scatterplot 

on the right indicates the distribution of Shapley values, and their impact on the model output, over all 

test samples. The colours of each test spectrum (according to the colorbar: blue for low feature values 

and red for high feature values) indicates the feature value, i.e. the intensity value of the respective 

feature in the spectrum. The scenario abbreviations follow Suppl. Tab. 3. The asterisks marked feature 

bins containing a previously identified protein peak listed in Suppl. Tab. 5. 

 

Retrospective clinical case study 
In order to evaluate the clinical benefit of our classifier, we evaluated the antibiotic therapy of 

patients represented in DRIAMS-A, with invasive serious bacterial infections treated between 

May and August 2018. We reviewed 416 clinical cases that included positive cultures with E. 

coli, K. pneumoniae, or S. aureus from either blood culture or deep tissue samples. For 63 of 
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these cases, an infectious diseases specialist (hereafter referred to as clinician) was consulted 

regarding the antibiotic treatment. Consultation occurred between the species being identified 

and before the phenotypic antibiotic resistance testing was available (Extended Data Fig. 3). 

For each case, we retrospectively reviewed the recommendations and assessed whether an 

alternative antibiotic therapy would have been suggested if our classifier had been employed 

at the time at which the MALDI-TOF mass spectrum was acquired. 
In 54 out of 63 clinical cases, the employment of the algorithm would not have changed the 

suggested antibiotic treatment: in 22 cases the clinician suggested de-escalation of the 

antibiotic regimen to a more-narrow spectrum antibiotic, in 25 cases to continue the current 

antibiotic regimen, and in seven cases to escalate the antibiotic treatment to a broader 

spectrum antibiotic. The classifier reported an accurate prediction of the antibiotic resistance 

in 51 of these 54 cases, but as the decision on antibiotic treatment can be influenced by 

multiple factors other than the antibiotic resistance of one bacterial species against one 

antibiotic agent, such as allergy, these did not change the suggested therapy (Fig. 6). In three 

cases, our algorithm predicted susceptibility, where phenotypic testing revealed resistance to 

antibiotics. In none of these three cases however, would this incorrect prediction have led to 

a less effective treatment than suggested without the algorithm: In two of these cases a known 

MRSA colonization of the patient would have been considered by the clinician, regardless of 

the prediction of the algorithm. In the third case, K. pneumoniae and E. coli were both identified 

in blood culture samples. As there were no indications implying antibiotic resistance, the 

clinician would have suggested to keep the current antibiotic treatment against E. coli with or 

without the use of the algorithm, and escalation to a broader spectrum antibiotic was only 

implemented after phenotypic testing. 

For nine cases an alternative antibiotic therapy would have been suggested by the clinician 

with the employment of the classifier at the time of species identification: in seven cases, the 

classifier would have led to a de-escalation of the antibiotic therapy, while in one case, the 

employment of the algorithm would have changed the suggested treatment to continue the 

current antibiotic therapy, where the clinician suggested to escalate to an antibiotic agent with 

a broader spectrum without the employment of the classifier (Fig. 6), and while in one single 

case, the employment of the algorithm would have led to an unnecessary escalation of the 

antibiotic therapy due to a false resistance prediction. In summary, for eight out of these nine 

cases (89%) where the employment of the algorithm would have changed the empiric 

antibiotic regimen, did the classifier correctly predict susceptibility and this change would have 

been beneficial and would have promoted antibiotic stewardship, whereas in one case, the 

wrongly predicted resistance would have led to an unneeded escalation of the antibiotic 

therapy. 
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Figure 6: Retrospective clinical case study including 63 cases with invasive bacterial infection. 

(A) schematic representation of the current standard of care (top row) and the possible employment of 

our classifiers in the clinical workflow (bottom row). (B) We evaluated the antibiotic regime suggested 

by a clinician without the employment of the classifier (column 2), which antibiotic resistance the 

classifier predicted (column 3), the antibiotic treatment suggested considering the predicted antibiotic 
resistance (column 4) and the phenotypically tested antibiotic resistance. The dashed boxes highlight 

where the employment of the classifiers would have led to an alternative antibiotic treatment suggestion. 

‘de-escalation’: change antibiotic regimen to a more narrow spectrum antibiotic agent, ‘keep’: continue 

the current antibiotic regimen, ‘escalate’: change antibiotic regime to a broader antibiotic regimen.  
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Discussion 
We have demonstrated that MALDI-TOF mass spectra based antimicrobial resistance 

prediction from routine diagnostic clinical samples is capable of providing accurate predictions 

within 24 hours of sample collection. This analysis was made possible by collecting the largest 

real-world clinical dataset of MALDI-TOF mass spectra and corresponding antimicrobial 

resistance phenotypes. Overall, we observed high predictive performance using calibrated 

LightGBM and MLP classifiers trained on individual species–antibiotic combinations, such as 

ceftriaxone resistance in E. coli and K. pneumoniae and oxacillin resistance in S. aureus, 

obtaining AUROC values larger than 0.70. 

We found that the performance of classifiers trained on mass spectra from one site is not 

generalisable to mass spectra measured at other sites. This may be influenced by many 

sources, including (i) different phylogenetic strains, (ii) different prevalence of resistance (i.e. 

different class ratios), which can impact predictive performance, or (iii) technical variability 

(97), owing to different machine-specific parameters and settings (i.e. ‘batch effects’). 

Similarly, the closer the time of collection of the training samples is to the time of prediction, 

the better the predictive power of the trained classifier, likely owing to the same 

aforementioned reasons. Hence, we would recommend that a clinically-applied classifier 

should be retrained regularly with the most recent data, originating from its deployment site. 

In clinical practice such an algorithm may require regular re-certification. Nonetheless, for 

individual specific species–antibiotic scenarios, our results suggest that even small sample 

sizes can lead to high predictive performance. 

We demonstrate that in order to obtain a classifier at a site with a smaller training dataset, 

combining the available data with an external dataset, such as DRIAMS-A, can increase the 

training performance). Combining training datasets from different sites increases the sample 

size, and potentially the coverage of rarer bacterial strains, which improves the predictive 

performance. However, combining training data originating from different sites also increases 

the variance in the data, which has the potential to decrease predictive performance. Merging 

training datasets did not lead to an increased performance on the DRIAMS-D test data, 

indicating its outpatient sample pool creates a dataset dissimilar to the hospital datasets. 

These results motivate the potential of large-scale MALDI-TOF MS clinical routine dataset 

acquisition for antimicrobial resistance prediction—combining large datasets could increase 

the predictive performance on either prediction site. Furthermore, it is worth noticing that all 

collection sites contributing data to this study are located in a low endemic area for ESBL 

producing and MRSA bacteria. Future analysis should assess how data from healthcare 

centers with a higher burden of antibiotic resistant bacteria influence the performance of our 

classifiers.  
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We found the predictive performance of classifiers trained on a single species to be higher 

than that of classifiers trained on multiple species, indicating the higher complexity of 

predicting multiple resistance mechanisms. This, combined with the general trend of improved 

performance if more samples are available, indicates the potential benefits of having access 

to a large database of MALDI-TOF mass spectra. However, many proteins causing resistance 

are beyond the effective mass range of MALDI-TOF mass spectra. For example, the penicillin-

binding protein in S. aureus has a mass of approximately 76,400 Da (361), beta-lactamases 

in E. coli and K. pneumoniae weigh approximately 30,000 Da (362–365), and the E. coli outer 

membrane porin OmpC weighs approx. 40,300 Da (366). Therefore, we hypothesise that our 

predictor detects resistance-associated changes in the proteome as well as phylogenetic 

similarity between resistant vs. susceptible samples. Our results also give an indication at 

what sample size most information/variance of samples originating from the DRIAMS-A 

collection site are covered by the training data, with sample sizes from 2,500 to 5,000 being 

required to reach the ‘plateau’. We therefore suggest collecting a dataset of at least 2,500 

samples when working on MALDI-TOF MS based antimicrobial resistance prediction. 

While the antimicrobial resistance classifiers, i.e. LightGBM and the MLP, are trained and 

predict resistance labels as a black-box system, analysing the contribution of each feature bin 

to the predictive outcome is of utmost importance to explain the antimicrobial resistance 

predictor decision-making process in a manner that can be interpreted by the user. We 

therefore determined the feature importance and the Shapley values of each feature bin and 

compared the results of the highest-weighted bins to known resistance associated peaks from 

the literature. The Shapley values indicate that very high or very low feature bin values 

(corresponding to the presence or absence of a MALDI-TOF mass peak) contribute to the 

prediction outcome, rather than variations in the feature bin magnitude. This is in line with prior 

knowledge on MALDI-TOF MS; confirming that the detection of proteins is responsible for the 

predictive power, rather than confounding signals or noise. 

The literature reference comparison confirms the discriminatory potential of single feature 

bins, contributing substantially to our classifiers and also highlighting their generalisability, as 

the spectra for these studies were acquired from independent strain collections and on 

different MALDI-TOF MS devices. Moreover, our classifiers use many more feature bins, for 

which the discriminatory potential has not previously been identified. An investigation of the 

protein identity of these yet unknown discriminatory feature bins and their occurrence 

throughout the respective species would be desirable in the future.  

Our retrospective clinical case study shows that our classifier might have a beneficial impact 

on patient treatment and promote antibiotic stewardship. In 51 out of 63 cases, the algorithm 

supported the treatment regimen suggested by the clinician. In three cases, the inaccurate 

prediction by our classifier would not have changed the suggested antibiotic regime, since the 



 158 

decision is influenced by multiple other factors in addition to the resistance profile towards one 

antibiotic such as (i) allergies of the patient, (ii) other bacterial species involved in the infection, 

(iii) patient history including the antibiotic profile of previous isolates, (iv) type of administration 

of the antibiotic agent. In eight out of 63 cases the accurate prediction by our algorithm would 

have led to an earlier streamlining of the antibiotic regimen to a more narrow spectrum 

antibiotic agent. Similar benefits to antibiotic stewardship have been observed when using 

genotypic assays such as rapid PCR assays (367). These findings exemplify the potential of 

classifiers to optimize antibiotic treatment and assist antibiotic stewardship efforts using real 

clinical cases. The evaluation of our classifier in prospective clinical studies, on multiple sites 

with different prevalence of antimicrobial resistant bacteria, will be necessary to fully evaluate 

its clinical impact. While the prediction of resistance alone would not be used, the prediction 

may support clinical decision-making that also considers additional patient-related factors.  

In summary, our work demonstrates that MALDI-TOF MS based machine learning can provide 

novel ways to predict antimicrobial resistance in clinically highly-relevant scenarios. The 

results demonstrate the benefit of large sample sizes on predictive performance. Further work 

could build upon these findings and leverage unlabelled (no antimicrobial resistance profile 

available) MALDI-TOF mass spectra in DRIAMS for pre-training a classifier in a semi-

supervised fashion before fine-tuning the model on the labelled dataset. In addition to 

potentially improving the prediction performance, such a training setup could result in a 

transfer learning scenario to mitigate batch-effects between different collection sites. While 

these idiosyncratic challenges need to be overcome, there is also a large potential to improve 

patient treatment. 
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MALDI-TOF mass spectra acquisition and antimicrobial resistance testing 
We collected data from daily clinical routine at ISO/IEC 17025 accredited diagnostic routine 

laboratories. The study was evaluated by the local ethical committee (IEC 2019-00729). All 

data used for the machine learning analysis was deidentified prior to analysis. Specifically, all 

MALDI-TOF mass spectra contained in DRIAMS-A to -D were acquired at four microbiological 
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laboratories in Switzerland providing routine diagnostic services for hospitals and private 

practices. All laboratories use the Microflex Biotyper System by Bruker Daltonics (Bremen, 

Germany), which is a widely-employed MALDI-TOF MS system in microbiological routine 

diagnostics both in North America16 and in Europe17,18. The four diagnostic laboratories 

included in this study are (1) University Hospital Basel-Stadt (DRIAMS-A), (2) Canton Hospital 

Basel-Land (DRIAMS-B), (3) Canton Hospital Aarau (DRIAMS-C), and (4) laboratory service 

provider Viollier (DRIAMS-D). While Canton Hospitals Basel-Land and Aarau employ the 

Microflex Biotyper LT/SH System, Viollier uses the Microflex smart LS System. Although these 

two systems differ in their respective laser gas, they use the same reference spectra database, 

so we included spectra of both Microflex Biotyper systems. University Hospital Basel-Stadt 

uses the two Microflex Biotyper systems in parallel. The species of each mass spectrum was 

identified using the Microflex Biotyper Database (MBT 7854 MSP Library, BDAL 

V8.0.0.0_7311-7854 (RUO)) included in the flexControl Software (Bruker Daltonics flexControl 

v.3.4). Similar to the mass spectra, antimicrobial resistance profiles were routinely acquired in 

the same four microbiological laboratories within the same time frames of the dataset. 

Resistance categories for bacteria values were determined either using microdilution assays 

(VITEK® 2, BioMérieux, Marcy-l’Étoile, France), or by minimal inhibitory concentration (MIC) 

stripe tests (Liofilchem, Roseto degli Abruzzi, Italy), or disc diffusion tests (ThermoFisher 

Scientific, Waltham, USA). Resistance categories for yeast were determined by using 

Sensititre Yeast One (Thermofisher). All breakpoint measurements were interpreted to be 

either susceptible, intermediate, or resistant according to EUCAST and CLSI (2015 M45; 2017 

M60) recommendations. The EUCAST versions used were updated with every EUCAST (368) 

Breakpoints table update and include v6-v8. 
 

Quality control 
Empty spectra and calibration spectra were excluded from further analysis. This serves to 

ensure a similar level of data quality for the different sites. 
 

Matching of MALDI-TOF mass spectra and antimicrobial resistance profiles 
MALDI-TOF MS based antimicrobial resistance prediction requires a dataset containing mass 

spectra and their corresponding resistance labels, in the form of antimicrobial resistance 

profiles. In order to construct such a dataset, MALDI-TOF MS and resistance profile 

measurements belonging to the same microbial isolate have to be matched. Since each site 

in DRIAMS stores the mass spectra and their corresponding antimicrobial resistance profiles 

in separate databases, a matching procedure has to be developed for each site. 

We use the term ‘laboratory report’ for the document used to report laboratory measurement 

results, including antimicrobial resistance profiles, for each patient within the clinical care. The 
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species of the specimen is obtained through Bruker Microflex MALDI-TOF MS and added to 

the laboratory report. This decouples laboratory report entry and the mass spectrum; there is 

no link required between the spectrum file and the laboratory entry after the species is entered. 

The antimicrobial resistance profiles obtained in their individual experiments are also added 

to the laboratory report. The laboratory report entries are commonly identified by codes linking 

them to a patient, or a unique sample taken from a patient, to which we refer as ‘sample ID’. 

Multiple entries with the same sample ID can exist if several probes were taken from the same 

patient or several colonies tested from the same probe.  

In general, the spectra recorded by the Bruker Microflex systems were labelled with an 

ambiguous, i.e. non-unique, code corresponding to the non-unique sample ID in the laboratory 

report. MALDI-TOF mass spectra and their corresponding antimicrobial resistance profiles 

were stored in separate files. In the clinic, MALDI-TOF MS spectra are never intended to be 

matched up with the laboratory report entries; therefore, no proper protocols for matching 

exist. Matching protocols had to be developed uniquely and in an ad-hoc fashion for each 

labelling system at each institution. 

In order to link mass spectra to their antimicrobial resistance profiles, we constructed a unique 

identifier, using the sample ID and the determined genus of a sample. The rationale behind 

this strategy is that if multiple sample ID entries exist, this is most likely due to multiple genera 

being present in the patient samples, leading to several measurements. We omitted samples 

for which we were unable to construct a unique sample ID–genus pair.  

Mass spectra were stored without information on the determined species. Hence, for each 

spectrum, the species and genus label is determined by re-analysing the spectra with the 

University Hospital Basel-Stadt Bruker library and then matching the spectrum to its 

corresponding antimicrobial resistance profile using the assigned sample ID and the 

determined genus. All MALDI-TOF MS systems used in this study were maintained according 

to the manufacturer’s standard and spectra were routinely acquired using the ‘AutoXecute’ 

acquisition mode. The genus is used (instead of species), as it allows for some flexibility 

between the species assigned to a sample in the laboratory report and the Microflex Biotyper. 

The species label given in the laboratory report can differ from the species assigned to the 

corresponding MALDI-TOF mass spectrum by the Microflex Biotyper System as additional 

microbiological tests can give a more accurate label. In what follows, we provide additional 

details regarding the matching procedure which are specific to each site. 

University Hospital Basel-Stadt. Starting in 2015, the spectra were labelled with a 36-position 

code by the Bruker machine (e.g. 022b130c-6c8c-49b5-814d-c1ea8b2e7f93), which we term 

‘Bruker ID’. This code is guaranteed to be unique for all spectra labelled from one machine. 

Each AMR profile is labelled with a 6-digit sample ID, which is unique for samples in one year. 

Antimicrobial resistance profiles were collected using the laboratory information system. The 
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laboratory information system includes all entries made for a sample, also entries which have 

later been corrected and have not been reported nor considered for patient treatment. As such 

manual corrections are very rare, the uncertainty in antimicrobial resistance labels is limited. 

For each year (2015, 2016, 2017, and 2018) there are separate antimicrobial resistance profile 

tables and folders containing all spectrum samples collected during the corresponding year. 

We lost 40,569 spectra out of 186,098 by following the aforementioned pre-processing 

routines (DRIAMS-A). 

Canton Hospital Basel-Land. The antimicrobial resistance profiles and mass spectra are each 

labelled with a 6-digit sample ID. The genus depicted in each mass spectrum was determined 

through comparison to the Microflex Biotyper Database (Bruker Daltonics flexControl v.3.4); 

the genus of each antimicrobial resistance profile was stated in the laboratory report. Mass 

spectra and antimicrobial resistance profiles were merged using the 6-digit sample ID and the 

genus information. 

 Canton Hospital Aarau. Here, the laboratory report contains the 10-digit sample ID, species 

label, and antimicrobial resistance profiles of measured samples. This software version did 

not provide a unique 36-character code for each spectrum, but only a 10-digit sample ID that 

had to be used to match spectra to the antimicrobial resistance profiles from the laboratory. 

Since the sample ID can be shared by different spectra, it cannot be used to uniquely match 

a species label to an input spectrum. To circumvent this problem, we divided the spectra in 15 

batches, each one only containing unique 10-digit sample IDs. Repeated sample IDs were 

distributed over the batches. These 15 batches were re-analysed and labelled by the Bruker 

software, and 15 output files with the given species labelled were created. Through the 

separation in batches, the certain species label was determined for each spectrum. The label 

for each spectrum in the batches can be determined, as we only included spectra that already 

had a label in the lab file. Now, each spectrum file has a combined label made up of its 10-

digit sample ID and its species label. If this combined label was found to have a unique match 

within the lab results file, the AMR profile was assigned to the spectrum, otherwise its 

antimicrobial resistance profile position remained empty and only the spectrum with its species 

label was added to the dataset. We ignore all spectra that could not be matched to an entry in 

the lab results file (such spectra arise from measurements that do not provide AMR 

information). 

Viollier. While all other sites reported AMR labels with either ‘R’, ‘S’, ‘I’, ‘positive’ or ‘negative’ 

values, samples provided by Viollier are labelled with precursory measurements, namely the 

minimal inhibitory concentration (MIC) of each antibiotic. We therefore use the breakpoints 

given the up-to-date EUCAST guidelines (v.9) to convert the MIC values to ‘RSI’ values. 

80,796 spectra in the fid file format are present, identified again through a unique 36-character 

‘Bruker ID’. The antimicrobial resistance results are identified by a 10-digit sample ID, which 
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are linked to the Bruker IDs in an additional file, the ‘linking file’. The main reasons for loss of 

data in pre-processing are (1) the antimicrobial resistance results and ID ‘linking files’ 

contained significantly fewer entries than fid files present (40,571 and 51,177 respectively) 

and (2) following advice by the lab personnel, only the 10-digit sample ID could be used for 

matching to the BrukerID (which contained a longer version of the LabID). Through exclusion 

of all entries without a unique 10-digit sample ID in both the antimicrobial resistance results 

and Iinking files, another significant portion of data was lost. Specifically, there is an overlap 

of 10,852 filtered entries from the laboratory report file and the linking file. After matching these 

entries with spectra, 7,771 spectra with 7,720 antimicrobial resistance profiles remained. 

Spectra without an antimicrobial resistance profile are not used for any supervised learning 

tasks (such as prediction).  
 

Hospital Hygiene 
The hospital hygiene department specifically screens for multidrug-resistant pathogens in 

order to take actions which prevent nosocomial transmission of these. These samples are 

cultured primarily on selective media containing antibiotics, enabling the growth of resistant 

strains only. 

Growth media have an impact on the bacteria’s proteome and thereby on the MALDI-TOF MS 

spectrum (369). In order to avoid that our classifiers recognise media specific characteristics 

in the MALDI-TOF mass spectra from the selective media instead of media independent 

signatures of non-susceptible bacterial strains, we excluded samples that were collected for 

the hospital hygiene department from DRIAMS-A for further analysis. The individual sample 

sizes per workstation and their predictive performance from MALDI-TOF mass spectra is given 

in Suppl. Tab. 6.  
 

Patient case identification 
For DRIAMS-A, a clinical case was defined as a unique hospital stay, i.e. the timeframe 

between the hospital entry and exit of a patient. If a patient was treated at the hospital in 2015 

and again in 2018, these were defined as two separate cases. For the retrospective clinical 

analysis, infections with different bacterial species and different patient isolation materials 

during the same hospital stay were regarded as different entities, as different species might 

require different antibiotic therapies.  

For DRIAMS-B, DRIAMS-C and DRIAMS-D, no information regarding clinical cases was 

provided and therefore not considered during analysis. 
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Dataset characteristics 
All medical institutions are located in Switzerland. Microbial samples in the University Hospital 

Basel-Stadt database (i.e. DRIAMS-A) mostly originate from patients located in the city of 

Basel and its surroundings. Such patients visit the hospital for either out- or inpatient 

treatment. Samples in the Canton Hospital Basel-Land dataset (i.e. DRIAMS-B) primarily 

originate from the town surrounding the City of Basel. Patients from the Swiss Canton Aargau 

seek medical care at the Canton Hospital Aarau (DRIAMS-C). Viollier (DRIAMS-D) is a service 

provider that performs species identification for microbial samples collected in medical 

practices and hospitals. Samples originate from private practices and hospitals all over 

Switzerland. 

DRIAMS-A to -D are datasets that contain data collected in the daily clinical routine. All mass 

spectra measured in a certain time frame are included. The time frame during which each 

dataset was collected are as follows: 

DRIAMS-A: 34 months (11/2015–08/2018) 

DRIAMS-B: 6 months (01/2018–06/2018) 

DRIAMS-C: 8 months (01/2018–08/2018) 

DRIAMS-D: 6 months (01/2018–06/2018) 
 

Spectral representation  
In the DRIAMS dataset, we include mass spectra in their raw version without any pre-

processing, and binned with several bin sizes. After initial analyses, a bin size of 3 Da was 

used for all machine learning analyses in this study. This bin size is small enough to allow for 

separation of mass peaks (for which the exact mass-to-charge position can vary slightly due 

to measurement noise), while large enough not to impede computational tractability. The 

spectra are extracted from the Bruker Flex machine in the Bruker Flex data format. The 

following pre-processing steps are performed using the R package MaldiQuant (252) 

version 1.19: (1) the measured intensity is transformed with a square-root method to stabilize 

the variance, (2) smoothing using the Savitzky-Golay algorithm with half-window-size 10 is 

applied, (3) an estimate of the baseline is removed in 20 iterations of the SNIP algorithm, (4) 

the intensity is calibrated using the total-ion-current (TIC), and (5) the spectra are trimmed to 

values in a 2,000 to 20,000 Da range. For exact parameter values, please refer to the code. 

After pre-processing, each spectrum is represented by a set of measurements, each of them 

described by its corresponding mass-to-charge ratio and intensity. However, this 

representation results in each sample having potentially a different dimensionality (i.e. 

cardinality) and different measurements being generally irregularly-spaced. Since the machine 

learning methods used in this manuscript require their input to be a feature vector of fixed 

dimensionality, intensity measurements are binned using the bin size of 3 Da. To perform the 
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binning, we partition the m/z axis in the range from 2,000 to 20,000 Da into disjoint, equal-

sized bins and sum the intensity of all measurements in the sample (i.e. a spectrum) falling 

into the same bin. Thus, each sample is represented by a vector of fixed dimensionality, i.e. a 

vector containing 6,000 features, which is the number of bins the m/z axis is partitioned into. 

We use this feature vector representation for all downstream machine learning tasks. 
 

Antimicrobial resistance phenotype binarization 
For the machine learning analysis, the values of antimicrobial resistance profiles were 

binarised during data input to have a binary classification scenario. The categories are based 

on EUCAST and CLSI recommendations. For tests that report RSI values, resistant (R) and 

intermediate (I) samples were labelled as class 1, while susceptible (S) samples were labelled 

as class 0. We grouped samples in the intermediate class together with resistant samples, as 

both types of samples prevent the application of the antibiotic. In EUCAST v6-v8, the 

intermediate category shows higher MIC values but due to safety reasons in clinical practice 

this was usually counted to resistance in order to have a safety buffer in reaching sufficiently 

high antibiotic drug concentrations. 
 

Statistical methods 
If not otherwise indicated, solid lines and performance metrics displayed in figures and tables 

refer to the mean performance over the test sets of a 5-fold cross-validation. Shaded areas 

and numbers added with ± signs refer to the standard deviation across the respective 

evaluation metric. 

The center line of the box plot in Extended Data Fig. 1 shows the median, and the lower and 

upper limit show Q1 and Q3 respectively, where Q1 is the first quartile and Q3 is the third 

quartile. The lower whisker shows the lowest time requirement until diagnostic result, and the 

upper whisker shows the largest time recorded (excluding outliers). 

The bars in Extended Data Fig. 2 state the mean performance over the test sets of a 10-fold 

cross-validation. The asterisks marking the bars indicate a statistically significant difference 

between the reported metrics between all species and species information alone of a two-

sided Welch’s t-test, without assuming equal population variance, at a significance level of 

0.05. 
 

Machine learning methods 
For AMR classification, we used a set of state-of-the-art classification algorithms with different 

capabilities. It included (1) logistic regression, (2) LightGBM (370), a modern variant of 

gradient-boosted decision trees, and (3) a multi-layer perceptron deep neural network (MLP). 

For LightGBM, we use the official implementation in the lightgbm package, while we use the 
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scikit-learn package for all other models (371). These models cover a large spectrum of 

modern machine learning techniques, with logistic regression representing an algorithm from 

classic statistics, whose training process can be regularised. LightGBM, by contrast, 

represents a modern variant of tree-based learning algorithms, focussing specifically on good 

scalability properties while maintaining high accuracy. Finally, MLPs constitute a simple 

example of deep learning algorithms. While they have the highest complexity in terms of 

compute resources and data requirements than the aforementioned models, deep learning 

methods can be effective in uncovering complex relationships between input variables. 

For each antibiotic, all samples with a missing AMR profile were removed and the machine 

learning pipeline was applied to the reduced dataset. Samples were randomly split into a 

training dataset comprising 80% of the samples and a test dataset with the remaining 20%, 

while stratifying for the class and the species, and ensuring that a sample with a specific 

patient case is either part of the train dataset, or the test dataset, but not both. This step 

ensures that sample measurements of the same infection (that are likely very similar to each 

other) are not causing information leakage from train to test. This is slightly unusual in standard 

machine learning setups, which typically only require stratification by a single class label, but 

crucial for our scenarios to guarantee similar prevalence values. To select an appropriate 

model configuration for a specific task, we employ 5-fold cross-validation on the training data; 

in case an insufficient number of samples is available, our implementation falls back to a 3-

fold cross-validation on the training dataset to optimize the respective hyperparameters. The 

hyperparameters are model-specific (see below for more details), but always include the 

choice of an optional standardisation step (in which feature vectors are transformed to have 

zero mean and unit variance). To determine the best-performing hyperparameter set, we 

optimized the area under the ROC curve (AUROC) on the training dataset only. This metric is 

advantageous in our scenario, as it is not influenced by the class ratio and summarises the 

performance of correct and incorrect susceptibility predictions over varying classification score 

thresholds. Having selected the best hyperparameters, we retrain each model on the full 

training dataset, and use the resulting classifier for all subsequent predictions. Our 

hyperparameter grid is extensive, comprising, for example, the choice of different logistic 

regression penalties (L1, L2, no penalty), the choice of scaling method (standardisation or 

none), and regularisation parameters (𝐶	 ∈ {10'(, 10'*,⋯10*, 10(}). For more details, please 

refer to our code (models.py). 

We implemented all models in Python and published them in a single package 

(https://github.com/BorgwardtLab/maldi_amr), which we modelled after scikit-learn, a powerful 

library for machine learning in Python.  
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Evaluation metrics 
We report AUROC as the main metric of performance evaluation. The datasets of most 

antibiotics under consideration exhibit a high class imbalance (20 out of 42 antibiotics show a 

resistant/intermediate class ratio <20% or >80%). AUROC is invariant to the class ratio of the 

dataset and therefore permits a certain level of comparability between antibiotics with different 

class ratios. A pitfall of reporting AUROC in the case of unbalanced datasets, however, is that 

it does not reflect the performance with respect to precision (or positive predictive value). 

Therefore, the AUROC can be high while precision is low. To account for this bias, we 

additionally report the area under the precision-recall curve (AUPRC); this metric is not used 

during the training process, though. 

Two other metrics commonly used in clinical research are sensitivity and specificity. 

Analogous to the ROC curves, we show sensitivity vs. specificity curves to illustrate the 

tradeoff between both metrics. Please note commonalities to other metrics: sensitivity, recall 

and true positive rate are synonyms and all correspond to the same metric; specificity is a 

counterpart to the false positive rate, that is, 𝑡𝑟𝑢𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒	𝑟𝑎𝑡𝑒	 = 	1	 − 	𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦. 

Connection to confusion matrix All of the metrics we employ here can be derived from the 

counts within a confusion matrix.  

The area under the receiver operating characteristic (AUROC) shows the true positive rate 

(TP/TP+FN) against the false positive rate (FP/FP+TN). The AUPRC, as well as the AUROC, 

is traditionally reported on the minority class. In our scenario, however, while the minority class 

is the resistant class in most cases, this is not consistent and for some antibiotics more 

samples of the resistant will be present. The precision-recall curve shows the recall 

(TP/TP+FN) against the precision (TP/TP+FP). The average performance of a random 

classifier would be 0.5 for AUROC and percentage of samples of the positive (susceptible) 

class for AUPRC.  
 

Shapley values for interpretability analysis 
In order to improve the interpretability of our classifiers, we calculated Shapley values using 

the shap package. This package directly supports the explanation of many common machine 

learning techniques. We used the standard algorithms of the shap package to explain the 

outputs of our logistic regression and LightGBM models. For the MLP, the use of gradient-

based explanation techniques turned out to be impossible because of the large memory 

requirements of the algorithms. We therefore opted to follow common practice and subsample 

the input data set, reducing it to 50 barycentres, i.e. samples that express most of the variability 

in the data, via k-means clustering. This enabled us to obtain per-sample Shapley values that 

contain the relevance of individual features with respect to the overall output of the model. 
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7 Discussion 

7.1 Rapid and accurate identification of clinically relevant 

Klebsiella spp. and Escherichia coli in clinical routine 

diagnostics 

Rapid and accurate assessment of infectious diseases, including profiling of antimicrobial 

resistance, has been perceived as one of the most important diagnostic challenges of the 

upcoming years (25). The time delay to effective treatment is critical and associated with 

morbidity, mortality and healthcare costs (49). Many of the most relevant bacterial species 

causing infections originate from the family Enterobacteriaceae (53,157,372). The most 

prominent Enterobacteriaceae spp. are included in the ESKAPE pathogens, which are 

responsible for most hospital-acquired infections and are recognised as a critical priority for 

developing new antibiotic treatments (129,373,374). AMR in K. pneumoniae and E. coli are 

attributed each to > 250’000 deaths globally in 2019 (25). Within the Chapters I and II of this 

thesis, we explored different aspects related to diagnosing the two Enterobacteriaceae taxa 

Klebsiella spp. and E. coli - including the links to virulence and AMR at single strain levels. 

 
Klebsiella spp.  
In Chapter I, we focused on the genus Klebsiella, which has gained clinical attention due to 

the rise of globally successful multidrug-resistant (103) and hypervirulent clones (45). In 

parallel to the increased research interest, ten new species have been described in the last 

two decades (104–112). Many of these Klebsiella spp. remain poorly characterised. Similarly, 

only a few species are routinely diagnosed in clinical settings due to the low taxonomic 

resolution of standard identification workflows. Therefore, we studied the genomic and MALDI-

TOF mass spectra based diversity within the Klebsiella genus (Chapter I) to assess (i) 

whether genomic variations between the species give evidence for species-specific virulence 

and AMR patterns , (ii) whether these species can be distinguished by MALDI-TOF MS and 

(iii) whether the Klebsiella spp. have distinct clinical phenotypes. We analysed 3,594 publicly 

available genomes (including 256 strains sequenced as part of the project) and 33,160 MALDI-

TOF spectra, from eight healthcare centres with 7,876 matching AMR profiles and patient data 

of 957 clinical cases from a single healthcare centre (University Hospital Basel) (325).  

Our key findings were that (i) from the genomic data, Klebsiella spp. have differing AMR and 

virulence factors, (ii) nine Klebsiella spp. and the genus Raoultella are distinguishable using 

MALDI-TOF mass spectra, (iii) all underdiagnosed species occur in a clinical context, (iv) 
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phenotypically, the Klebsiella spp. exhibit varying AMR profiles, and (v) strains of the K. 

oxytoca group were more likely to be involved in invasive infections than strains of the K. 

pneumoniae group (325). A recent study highlights the pathogenic potential of the K. oxytoca 

complex and further reports the existence of three yet undescribed species (375), suggesting 

that there is more diversity to uncover within this complex. We observed strains of the K. 

oxytoca complex to be less frequently resistant against 4th generation cephalosporins than 

strains of the K. pneumoniae complex, which is in line with data collated by the Swiss 

surveillance platform ANRESIS for the past three years (376,377). The data collected for our 

study suggested that strains of the K. oxytoca complex were more frequently resistant against 

penicillins including beta-lactamase inhibitors and 3rd generation cephalosporins. This finding 

is not reflected in the data collated by ANRESIS (376,377) and requires further investigation. 

Possible explanations for this discrepancy are variations in AMR (i) over time, (ii) in different 

geographical areas, and (iii) from different patient populations. In our data and within the 

respective complexes, K. michiganensis was more frequently resistant against penicillins 

including a beta-lactamase inhibitor, than K. oxytoca. K. pneumoniae was more frequently 

resistant against cephalosporins of the 3rd and 4th generation than K. variicola. Both findings 

are in line with the increased occurrence of AMR genes observed in the respective species 

(151) from international genomic datasets. These findings cannot yet be compared to Swiss 

surveillance data, as the species within the complexes are not yet distinguished. Our data 

indicate the importance of monitoring AMR in the context of detailed species resolution. This 

would allow to rapidly adapt the antibiotic treatment, based on epidemiological risks of specific 

well-monitored species. 

Since our analysis, further species have been described within the genus (105,110,112) and 

shown to be distinguishable with MALDI-TOF MS and a marker-based approach (74). 

Applying a marker-based approach to a large, international and standardised dataset, similarly 

to what we did in our study, would allow future studies to retrospectively assess the occurrence 

and clinical phenotype of these newly described species. Such analyses are required to 

examine whether our observation of the increased virulence of the K. oxytoca complex holds 

true in different epidemiological contexts. It is essential to include the identification of the yet 

underdiagnosed Klebsiella spp. into clinical routine diagnostic workflows to prospectively 

evaluate their clinical relevance.  

Overall, we have observed in our study that there is a large genomic diversity in the genus 

Klebsiella. Many of the newly observed species are clinically relevant and cause severe 

infections. Moreover, we have shown that MALDI-TOF can distinguish several recently 

described species, which is relevant as they exhibit distinct clinical phenotypes. Going further, 

we aimed to assess whether we can use MALDI-TOF MS for the early detection of highly 

virulent strains within a species.  
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Escherichia coli  
In Chapter II, we focused on E. coli, which encompasses highly pathogenic and clinically 

relevant lineages (213,378), as well as less virulent lineages adapted to various environments 

such as freshwater (43) (Chapter II). Phylogenetic typing approaches based on MALDI-TOF 

MS or other typing methods are highly valuable from a public health perspective (295,379). 

However, the assignment to a phylogenetic lineage does not allow for a definitive assessment 

of virulence or antimicrobial resistance, as these can differ between closely related strains 

(380). This is especially true for Enterobacteriaceae, where mobile genetic elements 

harbouring virulence and resistance factors are frequently exchanged (43,381). Accounting 

for genetic variations within the E. coli phylogeny, we aimed to identify which bacterial genes 

enable uropathogenic E. coli (UPEC) strains to cause invasive infections. We, therefore, 

sequenced whole genomes of 1,079 bacterial strains from 831 clinical cases at the University 

Hospital Basel. We assessed (i) which bacterial lineages (phylogroups, sequence types (ST)) 

are enriched; and (ii) which bacterial genetic factors are significantly associated with invasion 

to the bloodstream. In line with previous studies (44,198), we confirm the association of 

phylogroups B2, D and F with UTI. Moreover, we observe an association between particular 

virulence and AMR genes and these deep branching lineages. We observed a high diversity 

within each phylogroup and found closely related strains exhibiting variable resistance against 

beta-lactam antibiotics (Chapter II Figure 1 and Appendix I Figure S1). Varying phenotypes 

between closely related strains have previously been described (206,208) and underline the 

necessity for phenotypic characterisation or the direct detection of genetic virulence and 

resistance factors.  

We followed up the discovery of different virulent strains by identifying the genomic loci 

associated with invasive infection applying a bGWAS approach (285). Multiple virulence 

factors have been described for ExPEC, amongst them iron acquisition systems (382), 

capsular polysaccharides (290) and adhesion factors, such as pyelonephritis associated 

(PAP) pili (383). PapG forms the outermost adhesive tip of these PAP pili and binds to human 

uroepithelial cells (195,384). Five PapG isoforms have been described so far (PapGI - PapGV) 

(198). We corroborate the importance of papGII for uropathogenic E. coli (UPEC) to ascend 

the human urinary tract and cause invasive infection (Chapter II). While two previous studies 

have also identified papGII as an important factor for invasive UTI (198,385), neither had the 

chance to combine extensive clinical data with bacterial whole genome sequences to 

substantiate the evidence. The combination of bacterial genomic data and patient 

characteristics is a clear and important new element - clinical phenotypes such as 

invasiveness should always be evaluated considering the clinical context and adjusting for 

host related characteristics. My study, therefore, provides further evidence that papGII drives 
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invasive UTI, independent of host characteristics. While our retrospective study (Chapter II) 
fills this important gap, future prospective studies are required to evaluate the value of papGII 

as a diagnostic marker for invasive UTI. Finally, we assessed if MALDI-TOF enables rapid 

identification of PapGII. Therefore, we screened mass spectra of 317 UPEC strains for PapGII 

peaks. However, we did not identify PapGII specific peaks in MALDI-TOF mass spectra, likely 

because the PapGII protein mass lies beyond the mass range of MALDI-TOF MS (293).  

Future studies are required to investigate whether machine learning algorithms (Chapter V) 

can identify patterns of intensity changes which distinguish papGII positive from papGII 

negative E. coli strains. In the meantime, sequence-based diagnostic assays, such as targeted 

PCR or loop-mediated isothermal amplification assays, might be promising alternative 

approaches.  

Overall, we have been able to see that (i) the distribution of STs and phylogroups was the 

same between invasive and non-invasive UTI and that (ii) strains encoding papGII were 

significantly more likely to cause invasive infection, independent of important patient 

characteristics (Chapter II). 
To understand the clinical relevance of bacterial infections, patient data and disease outcomes 

are crucial. Our two studies assessing the virulence of two clinically important taxonomic 

groups, namely, Klebsiella spp. (Chapter I) and E. coli strains (Chapter II), have included 

patient data spanning a broad range of information. This information included age, gender, 

immunosuppression and comorbidities. Quantifying comorbidities requires extensive medical 

know-how, and although standardised guidelines exist (386), established indices can be 

outdated and lag behind medical progress (387,388). Whilst patient characteristics, including 

comorbidities, are rarely used in other studies, likely because of restricted access, legally and 

in terms of effort, they are key to identifying the clinical potential of a bacterial strain. 

Moreover, to disentangle the interplay between patient characteristics and bacterial virulence 

factors more precisely, future analysis should focus on specific patient subpopulations, such 

as patients carrying a permanent urinary catheter or those with Diabetes mellitus. As for our 

findings on the increased virulence of K. oxytoca complex strains, it will further be important 

to validate the importance of papGII in different epidemiological contexts. To better understand 

the spread of papGII in the E. coli population, further analyses focussing on the dynamic 

evolution of the pathogenicity island and its integration into various chromosomal backgrounds 

are required. Moreover, future studies could elucidate expression levels of PapGII throughout 

the progression of invasive UTI, clarifying its role in invasiveness.  

In conclusion, Chapters I and II highlight the importance of i) considering patient 

characteristics in such analyses; ii) increasing the taxonomic resolution in clinical routine 

diagnostics, potentially identifying resistance and virulence factors; and iii) having highly 

reproducible and standardised datasets and analysis approaches. 



 175 

7.2 MALDI-TOF mass spectral quality in routine diagnostics 

Standardised and reproducible workflows and datasets across different locations and time are 

key for every meta-analysis (389). Whilst analysing Klebsiella spp. mass spectra acquired at 

different healthcare centres (Chapter I), we observed major differences in MSQ. This was 

reflected by varying numbers of ribosomal marker masses being detected, which largely 

determined the resolution of the species identification. This observation prompted us to 

disentangle MSQ more closely and to enhance overall spectra quality within a multicentre 

study (Chapter III, Chapter IV).  

 
Factors of MSQ  

In Chapter III, we defined a diverse set of 47 clinically relevant bacterial strains, covering 39 

species and 15 genera (262). We used various commonly applied sample preparation 

protocols to acquire mass spectra on two different MALDI-TOF systems and analysed these 

with a standardised pipeline. A few reference studies have looked at the MSQ (98,312,390–

392). These studies were largely missing data acquired on devices from multiple 

manufacturers. Further, they were not analysing MSQ in the context of well-defined mass 

spectral features, which are independent of the identification database used. We identified five 

mass spectral features as good proxies for MSQ. While some (e.g. technical reproducibility) 

were previously reported (68), others were less frequently described (e.g. number and relative 

intensity of ribosomal marker masses). We further focused on the most perspicuous and most 

comparable MSQ features, namely i) the number of ribosomal marker masses and ii) technical 

reproducibility. Furthermore, these MSQ features were used to assess which workflow 

adaptations improve MSQ over all or for individual bacterial taxa.  

In line with previous studies, we observed a positive impact of performing a protein extraction 

or pre-treating the Gram positive bacterial samples with formic acid before the measurement 

(Chapter III) (262,312,390). Whereas we observed MSQ decreasing with bacterial colony age 

increasing after 24 hours (262), previous studies identified a minimum incubation time of 6-8 

hours to yield high MSQ (98), suggesting an ideal incubation time of more than 8, but less 

than 24 hours for strains of unknown species. While the low inter-laboratory reproducibility 

(68) and the essential requirement for increased standardisation (393) have been recognised, 

this knowledge has not yet been used to improve MSQ in routine diagnostics. 

In conclusion of Chapter III, we identified optimal sample preparation workflows by assessing 

several MSQ features. This approach should be applied to many diagnostic laboratories to 

ensure continuous and reproducible results. While some features, such as the total intensity 

of a mass spectrum, are easily evaluated, others might not be easy to assess for routine 

diagnostic laboratories, as they are not evaluated by routinely used MALDI-TOF MS software. 
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Therefore, a standardised ring trial including a broad collection of diagnostic laboratories is 

essential to ensure high quality and reproducible MALDI-TOF MS.   

 

MALDI-TOF EQA.  
In Chapter IV, we further analysed and improved the MSQ in routine diagnostics laboratories 

by an international EQA, including 36 diagnostic laboratories in 12 countries. We aimed to i) 

assess routine diagnostic MSQ with the feature identified in the previous chapter and ii) assess 

the improvement after implementing standardised sample preparation protocols. We gathered 

over 10,000 mass spectra, acquired from the same well-characterised 47 strain set used in 

Chapter III. We identified heterogeneous MSQ between the participating diagnostic 

laboratories, mainly driven by a few particularly poor or well-performing laboratories. The 

simple workflow adaptations we proposed improved MSQ for previously poorly performing 

laboratories but had a limited impact on the average MSQ over all laboratories (Chapter IV). 

This discrepancy is potentially linked to hardware settings and device maintenance, which 

were not considered in this study. Moreover, to understand the extent and cause of routine 

MSQ fluctuations, future studies are needed to assess MSQ longitudinally. A regular 

assessment of MSQ in routine diagnostics would enable early detection of decreasing MSQ.  

MALDI-TOF mass spectra comprise a large number of signals, of which only a fraction is 

required for bacterial species identification (394). We have so far improved MSQ in routine 

diagnostics for bacterial species identification (Chapter III and IV). A consistently high MSQ 

in routine diagnostics likely further improves the machine learning prediction of AMR from 

MALDI-TOF mass spectra. 

 

7.3 Prediction of Antimicrobial Resistance from MALDI-TOF 

mass spectra 

In Chapter V, we examined the potential of machine learning on predicting AMR directly from 

MALDI-TOF MS data. Previous studies have attempted this (90,95,96,395). However, most of 

these classifiers were trained on limited datasets of a single species, acquired on a single 

device, and their transferability into a different laboratory has not yet been assessed. 

Moreover, prior to our study, there was a clear lack of large, publicly available, high-quality 

datasets to test the classifiers in different scenarios.  

Therefore, we first compiled an extensive data dataset of over 300,000 MALDI-TOF mass 

spectra with matching AMR profiles acquired in clinical routine diagnostics at four different 

healthcare centres. Next, we used three machine learning approaches, namely logistic 
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regression, gradient-boosted decision trees, and a deep neural network classifier, to classify 

AMR from MALDI-TOF mass spectra in different scenarios. The prediction worked best if the 

classifiers were trained on spectra of a single species acquired at the same centre and in close 

temporal proximity to the test set. This observation might be linked to varying MSQ between 

sites and changing hardware factors over time and further emphasises the need for 

standardisation. We found that the most discriminatory peaks either had very low or high 

intensities. This suggests that resistant strains differ from susceptible ones in patterns of 

presence and absence of biomarker peaks, rather than in varying expression levels of 

proteins. The AMR factors cannot be detected, as their weight lies outside the MALDI-TOF 

mass range and they are not expressed under standard laboratory conditions (Chapter V).  In 

line with previous studies, we identified biomarker peaks that correspond either (i) to proteins 

that are directly linked to the AMR gene (78,92,396), or (ii) to phylogenetic marker masses of 

a lineage that is associated with AMR (93). An example of the first is the peak at 2415 m/z for 

Methicillin-Resistant S. aureus (MRSA), which corresponds to the protein PSM-mec encoded 

on the same gene cassette as the resistance gene mecA (92,396). An example of the latter is 

the peak at 8,448 m/z, which frequently occurs in spectra of the resistant E. coli ST131 

(360,396). This peak corresponds to the uncharacterised protein YnfD, which has no known 

functional connection to AMR (360), but rather serves as a phylogenetic surrogate marker to 

detect AMR. Such phylogenetic associations to AMR can be transient, reflecting a local spread 

of a resistant clone (397,398), which offers a further explanation of the performance drop when 

using temporally or geographically distant spectra to train the classifier. We show that large 

datasets are required for a successful AMR prediction with over 2,500 mass spectra and AMR 

measurements needed per species-antibiotic combination to achieve an area under the 

receiver operating characteristic curve (AUROC) of >= 0.74 for Ceftriaxone resistance in E. 

coli, Ceftriaxone resistance in K. pneumoniae and Oxacillin resistance in S. aureus (396). 

Therefore, successful AMR prediction from MALDI-TOF mass spectra requires a recent, 

sufficiently large and high-quality dataset that has been collected from a similar patient 

population, ideally at the same hospital, but certainly in close proximity. As meeting this 

requirement is not possible for smaller laboratories, publishing and constantly updating 

reference datasets is required to translate this advancement into clinical routine diagnostics. 

A large, diverse and international dataset might further allow AMR prediction for less frequently 

isolated species.  

Summarising Chapter III-V of this thesis, we highlight: (i) the requirement for standardisation 

of sample preparation and data analysis for MALDI-TOF MS species identification; (ii) the 

potential of MALDI-TOF MS for high-resolution diagnostics and pathogen surveillance; and 

(iii) the importance of sharing MALDI-TOF mass spectra and AMR profiles acquired in clinical 

routine diagnostics.  
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8 Outlook 

8.1 Further developments for MALDI-TOF MS based bacterial 

identification 

With the work presented in this thesis, we highlight the capacity and possibilities of MALDI-

TOF MS to (i) increase the taxonomic resolution for bacterial identification using a marker-

based approach and to (ii) predict AMR directly from the MS spectra using machine learning. 

The potential of MALDI-TOF MS for microbiology is not yet fully used, and ample opportunities 

for further development of microbiological diagnostics considering the four aspects of data 

analysis, data sharing, diagnostic workflows and hardware technology remain. 

Data analysis of MALDI-TOF MS data is currently mainly based on the comparison of spectra 

of unknown strains to reference spectra databases using a similarity-based approach. On the 

other hand, the mass of phylogenetic marker proteins can be predicted from genomic 

sequences (76,85). These mass profiles can subsequently be used as an alternative database 

for bacterial identification from MALDI-TOF mass spectra (69,74,306). This has multiple 

advantages compared to using reference mass spectra as database: (i) constitutively 

expressed proteins are detectable independently of the growth conditions; (ii) as the identity 

of the examined peaks is known, it is more apparent to estimate uncertainties in identification 

and (iii) mass profiles can be predicted from genome sequences of strains for which no MALDI-

TOF mass profile is yet available, which increases the size and diversity of the database. The 

latter could potentially enable the identification of unknown bacteria which have not previously 

been isolated and whose genomic sequences originate from metagenomic sequencing 

projects.  

Data sharing is key for pathogen surveillance and for translating machine learning 

approaches to clinical routine settings (399). In the infectious disease context, future efforts 

are required to share MALDI-TOF mass spectra and AMR profiles from different healthcare 

centres around the world. The data should be published under the FAIR principle (400), 

making them Findable, Accessible, Interoperable and Reusable (FAIR). Ideally, acquired 

mass spectra and AMR profiles are shared as they are routinely acquired in a standardised 

manner (393). The resulting database would be thus constantly updated and quality controlled. 

Such a database would strongly improve AMR predictions from MALDI-TOF mass spectra 

using machine learning and allow the transition of this advancement to clinical routine 

diagnostics. The challenge of building and maintaining such a platform would be administrative 

and could be met with existing technologies.  
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Diagnostic workflows need to be adapted to use the potential of AMR prediction from 

MALDI-TOF mass spectra in clinical diagnostics (Figure 1). In a revised diagnostic workflow, 

AMR will be predicted from MALDI-TOF mass spectra at the time point of species 

identification. This prediction will not replace phenotypic testing, but will give first evidence on 

AMR hours before phenotypic test results are available. Routinely acquired MALDI-TOF mass 

spectra and phenotypic test results will be constantly uploaded into an international database. 

After the data is curated, it will serve to improve the classification algorithm steadily. This 

constant update of the classification algorithm is important as the prediction performance 

decreases with temporally distant data (Chapter V). It will further enable the identification of 

biomarker peaks of locally spreading resistant lineages in real-time. In a revised diagnostic 

workflow, the MSQ will regularly be assessed and improved (Chapter III and IV). A constantly 

high MSQ enables the reproducible detection of more phylogenetic marker peaks, which will 

in turn enable the distinction of closely related species or even lineages within a species 

(Chapter I and II).  
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Figure 1: A revised diagnostic workflow, integrating new functionalities of MALDI-TOF MS. Changes 

to existing workflows are indicated in blue and assigned letters A - E. A: MALDI-TOF measurements 

directly from the patient sample (e.g. urine sample). B: prediction of AMR from MALDI-TOF mass 

spectra. C: routinely acquired MALDI-TOF mass spectra and phenotypic AMR measurements are 

uploaded into an international database. This data is quality controlled and serves as the basis to 

improve the prediction algorithm. D: The MSQ is regularly assessed, allowing for an early reaction when 
MSQ decreases. E: With a constantly high MSQ and the reproducible detection of phylogenetic marker 

masses, the resolution of bacterial identification can further increase, allowing the distinction of closely 

related species or lineages within a species.  
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The technology of MALDI-TOF MS for bacterial identification is constantly advancing. 

Currently, routinely employed MALDI-TOF MS detects positively charged ions which originate 

mainly from intracellular proteins (235). However, a highly promising approach is becoming 

available in routine diagnostics, where negatively charged ions (i.e. lipids) are measured (401). 

The negative ion-mode increases the resolution for bacterial typing and allows for the 

detection of colistin resistance in E. coli (402). Other exciting technological developments are 

the application of MALDI-TOF MS directly from the sample material (403,404) or the increased 

sensitivity of MALDI-TOF MS to lower bacterial cell counts using microfluidics, thereby 

decreasing incubation time (405).  

Further improvements in hardware used in routine diagnostics could include the use of 

different matrices (75). These improvements will enlarge the detectable mass range or 

increase the measurement precision. All of these developments will further improve the 

resolution of identification using a marker-based analytical approach.  

Moreover, recent advances have demonstrated the versatility of MALDI-TOF MS also in non-

infectious disease settings by applying it to the identification of viruses (406), mammalian cell 

lines (407,408), insects (409,410) and truffles (411,412). 

8.2 Sequence-based diagnostic assays as alternatives to 

MALDI-TOF MS 

Although MALDI-TOF mass spectrometry has many advantages for bacterial identifications 

and has revolutionised microbiological diagnostics, it has two intrinsic limitations: (i) bacterial 

cells have to be present at high concentration to reach the detection threshold, which most 

often requires several hours of incubation; and (ii) only proteins which are expressed at high 

levels in laboratory conditions can be detected.  

For the rapid detection of specific virulence and AMR markers (217,413), sequence-based 

diagnostic assays, such as targeted PCR, offer an alternative to MALDI-TOF MS. In targeted, 

sequence-based diagnostic approaches, a set of known virulence or resistance factors are 

queried, while factors outside this set remain undetected. Such assays could be used to 

identify virulent UPEC isolates carrying papGII. The diagnostic value of this bacterial 

biomarker for invasiveness, like of any biomarker (414), further needs to be confirmed in 

prospective, randomised trials (415). Invasiveness, as a clinical outcome, might have very 

different dynamics and underlying causes depending on the clinical setting, for example, in a 

nursing home (416) compared to young people in the emergency ward (417). Therefore, to 

assess the true diagnostic impact of this biomarker, the clinical scenario of such a trial would 

need to be precisely defined. Bacterial biomarkers could thereby complement the clinical 
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assessment of an infection that is currently primarily host driven (418). For a diagnostic assay 

detecting a bacterial biomarker to have a clinical impact, it needs to provide additional 

information in a timely manner, requiring short laboratory turn-around times. UTIs are amongst 

the most frequent infections worldwide and mainly cause mild symptoms (186). The data 

presented in this thesis (Chapter II) gives evidence that few UPECs have the potential to 

cause invasive disease infection in young and immunocompetent hosts. An assay that detects 

these virulent UPECs will therefore be required to be cost-effective and with low hands-on 

time, as only a frequent employment in a routine diagnostic workflow can yield a diagnostic 

impact. Future assays might allow not only the detection of a biomarker gene, but go a step 

further and quantify its expression level, yielding a more precise assessment of the 

progression of an infection (419,420).  

The data analysed in this thesis (Chapter II) and by others (202), suggest that multiple E. coli 

strains can co-infect the human urinary tract at once. Future studies assessing the within-host 

genetic diversity of E. coli strains, isolated from various body sites, could elucidate the multi-

strain infection dynamics. This could have consequences for reconstructing transmission 

networks (421) and for bacterial diagnostics, which are currently centred around single colony 

isolates and rarely consider a bacterial community as the causative agent of an infection. To 

consider this within-host strain diversity, untargeted sequence approaches could offer an 

alternative to targeted approaches. Shotgun metagenomic sequencing has the potential to 

differentiate bacterial strains (422–424) and is applied directly to patient samples without the 

need for incubation (425,426). The rapid advancement of bioinformatic tools and steadily 

sinking sequencing costs might permit its implementation to clinical routine diagnostics in the 

coming years (427). However, in line with standardisation for MALDI-TOF MS advocated for 

in this thesis, high standardisation in sampling and data analysis will be needed to enable the 

extraction of clinically actionable items from metagenomic sequences in a short time.  
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9 Conclusion 
In view of the steadily increasing frequency of antibiotic-resistant bacteria, rapid assessment 

of pathogens is of crucial importance to treat an infection effectively, to promote antibiotic 

stewardship and for pathogen surveillance. In this thesis, we show that (i) MALDI-TOF has 

the potential to increase in taxonomic resolution, distinguishing between closely related 

bacterial taxa, and that (ii) AMR can accurately be predicted from MALDI-TOF mass spectra. 

Moreover, as exemplified throughout this thesis, high MSQ, standardised sample preparation 

and data analysis workflows as well as FAIR sharing of data are essential in order to translate 

these achievements to clinical routine diagnostic settings and open up new avenues for 

infection control. 
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11 Appendix  

Appendix I: Supplementary Material Bacterial genome wide 
association study substantiates papGII of E. coli as a 
patient independent driver of urosepsis  

 
Figure S1: Core genome phylogeny of 831 E. coli strains. Columns represent (from left to right): the 

assigned phylogroup, the sequence type, phenotypic resistance against Ceftriaxone, Meropenem, 
Fosfomycin, Nitrofurantoin and Ciprofloxacin. 
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Figure S2: Distribution of E. coli phylogroups (left) and Sequence Types (ST) (right) in male 
(n=255) (upper row) and female (n=576) (lower row) patients. 
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Table S2: Genes which showed a tendency towards being associated with invasive infection with a -
log10(p-value) > 4.Columns: ‘Gene’: Name of the annotation; ‘EggNOG’: If no annotation was available, 
genes were screened using the EggNOG database; ‘Function’: Assumed function of the genes product; 
‘Reference’: Respective Publication; ‘No. of unitigs’: How many unitigs were annotated; ‘max -log10(p-
value): highest value per gene.  

Gene EggNOG function References 
No.of 
unitigs 

max -
log10 
(p-
value) 

papG  part of the P-pili 
Uniprot entry: 
P76364 156 10.7 

100033-
19_04615 

Pilus-assembly 
fibrillin subunit, 
chaperone, 
papJ domain 
identified part of the P-pili  7 7.4 

papH  part of the P-pili  75 6.5 

klcA_1  
can be plasmid encoded. 
Antirestriction enzyme 

Serfiotis-Misa 
et al. Nucleic 
Acids Research 
(2009) 43 6.0 

100033-
19_01758 

Unknown 
function, 
cytoplasmic 
location Unknown  23 5.7 

pagN  

Wrongly annotated, is tia (100% 
similarity and coverage). Tia is a 
adhesin and invasin, originally 
described in enterotoxic e. coli, 
Encoded upstream of papG 

Mammarappallil 
and Elsinghorst 
Infection and 
Immunity 
(2000) 188 5.6 

papC_3  part of the P-pili  281 5.4 

100033-
19_01761 

"Protein of 
unknown 
function 
(DUF987)" Unknown  4 4.9 

papA  part of the P-pili  202 4.9 
105056-
19_05002 

no orthologues 
found   15 4.8 

100033-
19_01765 

"Enterobacterial 
protein of 
unknown 
function 
(DUF957)" Unknown  10 4.6 

opgE_2  

Involved in the regulation of 
osmoregulated periplasmic glucans 
(OPG). These are sugars in the 
periplasm of bacteria, which control 
bacterial motility and the secretion of 
expopolysaccharides  

Bontemps-
Gallo et al. 
BioMed 
Research 
International 
(2013) 107 4.6 

pdeL_2  

Thought of as a "switches individual 
cells of a population from high to low c-
di-GMP signaling states and back", 
division of labour within a bacterial 
population 

Reinders et al. 
bioRxiv (2021) 
Sellner et al. 
mBio (2021) 165 4.4 

100033-
19_01766 

Unknown 
function, 
Domain of 
unknown 
function 
(DUF4942) 
identified Unknown  45 4.4 

papK  part of the P-pili  62 4.3 

intS_3  
prophage integrase. Maybe flanking 
papGII encoding pathogenicity island? 

Uniprot entry: 
P37326 469 4.3 
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117416-
18_02835 

no orthologues 
found   23 4.3 

117416-
18_02836 

no orthologues 
found   19 4.3 

ompD_3  Outer membrane porine  39 4.2 
papE  part of the P-pili  140 4.2 

100033-
19_01761|cbeA_2 

Antitoxin 
component of a 
type IV toxin-
antitoxin (TA) 
system https://www.uniprot.org/uniprot/P76364  1 4.2 

gnd  

6-phosphogluconate dehydrogenase 
could be related to an adjacent O-
antigen biosynthesis gene cluster 
passive hitch-hiker of recombination 
events that determine both LPS 
antigenic changes and diversifying 
selection 
is the third enzyme of the pentose 
phosphate pathway 

Cookson et al. 
scientific 
reports (2017)  900 4.2 

cbeA_2  
Antitoxin component of a type IV toxin-
antitoxin (TA) system 

Uniprot entry: 
P76364 54 4.2 

pimB  

wrongly annotated, is colanic acid 
biosynthesis glycosyltransferase WcaL 
When introduced to harsh conditions 
such as low pH, pathogenic 
Escherichia coli can secrete colanic 
acid to establish a protective barrier 
between the organism and the acidic 
environment 
This protein is involved in the pathway 
slime polysaccharide biosynthesis, 
which is part of Slime biogenesis. 

Scott et al. 
Biochemestry 
(2019) 
Uniprot entry: 
P71243 160 4.2 

105099-
20_04976 

function 
unknown   9 4.2 

113856-
19_04438 

restriction 
modification 
system DNA 
specificity 
domain 
identified   52 4.1 

100033-
19_04622 

Homologue of 
alpA 

alpA is a DNA-binding transcriptional 
activator of the expression of the slpA 
gene. When overexpressed, leads to 
suppression of the capsule 
overproduction and UV sensitivity 
phenotypes of cells mutant for the Lon 
ATP-dependent protease 

Uniprot entry: 
P33997 
Trempy and 
Gottesman 
Journal of 
Bacteriology 
(1994) 1 4.1 

109327-
20_05007 

no orthologues 
found   3 4.0 
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Figure S3: Distribution of E. coli phylogroups (left) and Sequence Types (ST) (right) in in female 

patients (n=576) younger than 40 years (n=54) (upper row) and older than 40 years (n=522) (lower row) 

patients. 
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Figure S4: Distribution of E. coli phylogroups (left) and Sequence Types (ST) (right) in invasive 

infections (n=251) (upper row) and non-invasive infections (n=580) (lower row) patients. 
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Figure S5: Within host genetic diversity of E. coli strains isolated from the same clinical 

cases A: core genome phylogeny of E. coli strains (n=225), isolated from the same clinical 

case (n=105), colored by phylogroup. The numbers correspond to the case identifier and 

strains were only labelled, if they exhibited < 99.9% Average Nucleotide Identity to the strain 

isolated from the same clinical case B: SNV for of 10 picked isolates from three cases, either 

from urine or blood culture samples. 



 192 

 
Figure S6: Odds ratio estimates with 95% confidence intervals for A: Typical urinary tract infection 
symptoms (n = 783 complete observations with 232 events); B: Admission to the intensive care unit (n 

= 827 complete observations with 191 events); C: 30-day all cause mortality (n = 685 complete 

observations with 66 events); using the generalised linear model (GLM). OR = odds ratio; CI = 

confidence interval; CCI = Charlson Comorbidity Index 
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Figure S7: Bacterial cell count (A), nitrit status (B), leucocyte count divided by bacterial cell count (C) 
and erythrocyte count divided by bacterial cell count (D) measured in urine samples of cases, for which 

a papGII positive or a papGII negative E. coli strain was isolated from a urine or a blood culture samples. 
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Figure S8: C-reactive protein concentration (A) and leucocyte count (B) measured in blood samples 

of cases, for which a papGII positive or a papGII negative E. coli strain was isolated from a urine or a 

blood culture samples.  

 

 
Figure S9: Relative occurrence of papGII in isolates from patients younger (n=67) vs. older (n=764) 

than 40 years, in isolates from male (n=255) vs. female (n=576) patients and in isolates from patients 

which were immunosuppressed (n=86) vs. patients which were not immunosuppressed (n=729). 
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Figure S10: Occurrence of MALDI-TOF mass peaks in spectra acquired from E. coli strains encoding 

no papG gene, encoding a papG variant other than papGII and encoding papGII. Each strain was 

measured in quadruplicate either on a Microflex Biotyper device, or an Axmina Confidence device. 

Masses are only depicted if detected in > 30% or < 25% of spectra for one or more of the groups. 
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Figure 11: Occurrence of MALDI-TOF mass peaks in spectra acquired from E. coli strains of different 

phylogroups. Each strain was measured in quadruplicate either on a Microflex Biotyper device, or an 

Axmina Confidence device. Phylogroups for which less than five strains were available (E1, E2 and G) 

were excluded from the plot. Masses are only depicted if detected in > 50% or < 25% of spectra for one 

or more of the groups. 
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Figure S12: Core genome phylogeny of the E. coli strains collected for this study (one strain per 
clinical case, n=831). Phylogroup assignment, Sequence Type (ST) (eight most frequent ones colored, 

more rare STs in grey), papG variant, mass of HdeA, predicted from the amino acid sequence 
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Appendix II: Supplementary Material Quality of MALDI-TOF 
Mass Spectra in Routine Diagnostics: Results from an 
International External Quality Assessment including 36 
Laboratories from 12 countries  

 

 
Figure S1: Venn diagram depicting the number of laboratories and devices participating in the different 

rounds of quality assessment 
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