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Abstract 

Title of Dissertation: Rapid Diagnosis of Microbial Infection via Mass Spectrometric 

Phenotyping 

Tao Liang, Doctor of Philosophy, 2018 

Dissertation Directed by: David R, Goodlett, Professor, Department of Pharmaceutical 

Sciences, School of Pharmacy 

 

Microbial infection is a perpetual public threat, causing more than 15 million 

annual deaths worldwide. Clinical microbiology laboratories currently rely on bacterial 

culture-based methods for microbial diagnosis to identify causative pathogens, which is 

time-consuming and labor-intensive. This drives the development of novel diagnostics to 

identify pathogens accurately and more rapidly. Mass spectrometry (MS) now plays a 

vital role in clinical diagnosis due to its high accuracy, high specificity, rapidity and high-

throughput capability. In this thesis, we present a multi-faceted mass spectrometry 

approach for rapid microbial infection diagnosis. We first used a novel sample transfer 

technique, surface acoustic wave nebulization (SAWN) for bacterial membrane lipid 

analysis, specifically lipid A. Analytical performance of different SAWN chips was 

characterized, and the optimized SAWN chip was used for bacterial phenotyping. Results 

showed that lipid A mass spectra from different bacterial species can be differentiated by 

dot product analysis, in turn, demonstrating feasibility of using SAWN for rapid bacterial 

identification. We next developed a rapid sodium acetate (SA) based method for lipid 

extraction, which greatly improved our lipid-based library for pathogen identification by 

reducing the process time to less than an hour. Importantly, the novel SA method 



 
 

maintained the key components of the reported lipid library method for bacterial 

identification. Namely, these were the ability to detect 1) antibiotic resistance, 2) 

microbes direct from biological fluids without culture, and 3) single microbes in 

polymicrobial samples. This platform can be a complementary approach to the 

commercialized protein-based systems to improve patient outcomes. The last objective of 

this thesis is to understand the proteome change in response to lipopolysaccharide 

stimulus in the context of sepsis, which will facilitate the discovery of new biomarkers 

for sepsis diagnosis. Shotgun label-free quantification proteomics results showed that 27 

new sepsis-related proteins were found among 182 significantly changed proteins in the 

septic mouse group. A longitudinal, but not pair-wise, data analysis strategy overcame 

inherent heterogeneity detected twice as many significant changes using each mouse’s 

data as its own control sample. Overall, the advances made in this thesis have broad 

implications in MS-based rapid diagnosis of microbial infections. 
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 : Mass Spectrometry Plays A Central Role in Clinical Chapter One

Microbial Diagnosis 

Infectious Diseases: A Perpetual Challenge 

Coincident with the history of mankind is the history of the battle between 

microbes and human. Infectious diseases, which are caused by pathogenic 

microorganisms, such as bacteria, viruses, fungi and microscopic animals, can be 

transmitted from animal to person or from person to person. The diseases have profound 

impacts on human history, by affecting course of wars, human population and progress of 

civilization
1–6

. It has been an ever-present threat to us, exemplified by the first written 

description of a plague epidemic among Philistines in 1320 B.C. and the Plague of 

Athens in ancient times
7
, to the Black Death plague pandemic in the Middle Ages

8,9
, the 

1918 “Spanish Flu” pandemic
9
 and the human immunodeficiency virus (HIV)

10
 and the 

acquired immunodeficiency syndrome (AIDS)
11

 pandemic in modern ages. Recently, 

Ebola virus outbreaks in Africa and Zika viral epidemics in Brazil have caused thousands 

of people to lose their lives
12

. According to the World Health Organization (WHO) report, 

infectious diseases contribute to more than 15 million deaths (25.5%) among of 58.8 

million annual deaths worldwide
13,14

. Although advances of vaccinology, antibiotics and 

microbial diagnosis have saved millions of lives, most pathogens have evolutionary 

advantages that allow rapid acquisition of antibiotic resistance via mutations
13

 or 

horizontal acquisition. Statistics from Centers for Diseases Control and Prevention (CDC) 

reveal that septicemia continues to be the number one cause of death and hospitalization 

in the United States
15

.  The early detection and prompt treatment of infectious diseases 

significantly improve patients’ survival rates and outcomes, particularly for antibiotic-
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resistant cases
16–18

.  As healthcare authorities, such as WHO and CDC, and researchers 

realize the fact that the back-and-forth battle between humans and microorganisms will 

never end, we should always be prepared for unexpected outbreaks and reemerging 

epidemics. Thus, it is imperative to develop new diagnostic technologies and therapies 

for microbial infection that speed up the process of accurate diagnosis. 

Current Diagnostics in the Clinical Laboratory 

Microbial culture  

Since the Gram-staining technique was first published in 1884
19

, microbiology 

entered into an era of biochemical and phenotypic characterization for microbial 

identification. Microbial culture is still the gold standard method routinely used in a 

clinical laboratory
19

. In a culture-based workflow, samples are first subjected to Gram-

staining to differentiate Gram-negative and -positive bacteria, followed by microscopic 

examination to determine the cell morphology (rod or sphere shape). Then several rounds 

of culture are used to isolate pure colonies from other species in liquid or solid growth 

media followed by phenotypic characterization, such as motility, oxygen requirement, 

media pH change, enzymology, and carbohydrate metabolism. This leads to a primary 

identification (Figure 1-1). Recently, Raoult et al. reported a method named culturomics, 

which demonstrated the ability of isolating and identifying new or previously 

uncultivable bacteria
20

. Further characterization is needed to determine the antibiotic 

resistance profiles, namely antimicrobial susceptibility testing (AST). There are several 

AST methods commonly used in clinical microbiology laboratories (CMLs), such as 

broth dilution tests, antimicrobial gradient method, and disk diffusion test. Common 

antimicrobial resistance mechanisms can be accurately determined, and some methods 
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provide quantitative results (eg., minimum inhibitory concentration)
21

, but these methods 

can be labor intensive and prone to operation error during manual tasking. Recently, 

automated systems have been developed and commercialized to provide standardized 

readings and shorter turnaround identification time.  For example, the BD Phoenix 

Automated Microbiology, Biomerieux Vitek 2 System, Sensititre ARIS 2X, and 

MicroScan WalkAway systems can generate susceptibility test results, and now all four 

systems are approved by the Food and Drug Administration (FDA) for clinical use. These 

systems not only provide advanced software to facilitate interpretation of susceptibility 

results, but also include the capability of automation in inoculation, biochemical testing, 

and bacterial identification
22

. Advances in these automated systems undoubtedly ease the 

workload in a CML and allows more clinical specimens to be processed per day. 

However, all these methods mentioned above require culture, the most time-consuming 

step in a microbial identification process, taking days to weeks. Therefore, there is an 

unmet need to develop rapid diagnostics for microbial identification that circumvent the 

need for culture. In addition, for patients who are suffering from septicemia, a reliable 

biomarker may be needed to diagnose the sepsis at an early stage, which would improve 

outcome and reduce hospitalization cost. 



4 
 

 

Figure 1-1. Example overview of a workflow for microbial identification in a typical 

clinical microbiology laboratory. The culture-based methods are mainly used for 

bacterial phenotyping. (Reprinted by permission from PLoS One
23

, Copyright 2015)  
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Molecular Diagnostics.  

Nucleic acid based tests 

Culture-based methods have been employed for over a century for bacterial 

identification. The motivation to replace these conservative methods has driven the 

development of nucleic acid-based technologies. These methods, which are based on 

hybridization and nucleotide sequencing, play a central role in current clinical laboratory 

due to their high sensitivity, specificity and short turnaround time
22

 (Figure 1-2). 

Common hybridization methods include conventional broad Polymerase Chain Reaction 

(PCR)
24,25

, real-time PCR (RT-PCR)
26,27

, microarray
28

, and universal genome tagging 

method
29

.  The nucleic acid amplification-based methods (eg. PCR) use specifically 

designed probes to detect target complementary sequences in clinical specimens and then 

to produce thousands to millions of copies in a short time. Usually, two main methods are 

used to detect and visualize the PCR amplicon, chemical staining PCR products or 

fluorescent dyes labeled primers
30

. Since the first PCR method
31

 was reported in 1988, it 

has radically transformed the field of clinical diagnosis, particularly in pathogen 

identification. In today’s CMLs, PCR based methods are used for rapid diagnosis of 

infectious diseases to allow identification of un-cultivatable or slow-growing microbes. 

The advantages of PCR are apparent, including the FDA categorized ‘moderate 

complexity’ assays, high sensitivity, and high specificity. However, these methods have 

critical limitations; the requirement of prior information about target sequence is 

necessary to design specific primers for selective amplification
30

. In addition, the high 

sensitivity of PCR is a double-edged sword, causing many false positives due to the 

contamination or mutations in specimens. The target sequence can also be a segment of 
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RNA (mRNA or rRNA), usually containing more copies in the cell, known as 

transcription-mediated amplification (TMA) method. Due to the nature of multi-copy 

RNA molecules in the cell and no need of thermocycling during amplification, TMA, in 

theory, should have higher sensitivity and faster speed compared to conventional PCR
32

. 

The advancements in multiplex PCR enable the detection of multiple different 

pathogens in specimens simultaneously
33

. There are several formats of multiplex PCR 

methods, including (i) multiple primers containing fluorescent probes individually, (ii) 

parallel singleplex reactions in multiple microwell vessels, (iii) microarray-based method 

and (iv) microbeads based liquid-array method. For example, commercialized platforms 

such as GeneXpert (Cepheid), second-generation BD Max (BD), and ABIQuantStudio 

(ABI) can detect 4-6 different pathogens. Continuous efforts are needed to analyze 

complicated specimen where numerous different microorganisms (>6) present and show 

similar symptoms or phenotypes.  

Microarray techniques 

Microarray methods enable a large number of DNA targets to be detected in a 

single nucleic acid test
34

. Two types of microarray methods exist: (i) solid-phase arrays, 

where a number of targets are spatially immobilized on a solid surface (eg. glass, plastic 

or silicon biochip)
35

, and (ii) liquid-phase arrays, where probes are conjugated with 

microspheres to capture target DNA sequence using flow cytometry for detection
34,36

. 

Both types of methods have been applied in multiplex pathogen detection and direct 

microorganism identification from positive blood cultures, which has had a positive 

impact on clinical laboratory workflows and patient outcomes. Furthermore, microarrays 
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can reduce the cost per target, which makes it inexpensive and thus an attractive choice 

for CMLs (Figure 1-2).  

Nucleic Acid Sequencing Methods.  

Sanger sequencing  

Genome sequencing can provide comprehensive information to physicians such as 

specific antibiotic resistance genes and virulence. Sanger sequencing has been widely 

used since the first report in 1977 by Sanger et al.
37

. Using dideoxynucleoside 

triphosphates (ddNTPs) as DNA chain terminators, a set of incrementally terminated 

DNA fragments are produced and then separated by polyacrylamide gel or capillary 

electrophoresis with one nucleotide resolution. X-ray film or automated sequencing 

instrument read the DNA sequence. However, this method generates poor quality of 

sequence data in the first 15-40 bases and sequence quality deteriorates after 700-900 

bases
38

. Additionally, the Sanger sequencing method cannot be used for polymicrobial 

sample analysis
39

. 

Next-generation sequencing (NGS)  

To overcome the Sanger sequencing method shortcomings, high-throughput 

sequencing method (NGS), was developed and now is gradually replacing traditional 

techniques for diagnosis
40

.  NGS based platforms produce thousands or millions of 

fragmented DNA or RNA sequences. Several major platforms are commonly used in 

CMLs for whole-genome sequencing, including Illumina (Solexa) sequencing, 454 

Pyrosequencing (Roche), and Semiconductor sequencing (ABI) and SOLiD sequencing. 

These methods provide comprehensive sequence coverage and lower cost per base pair 

than Sanger sequencings
41

.  NGS has the capability of detecting uncultivated or fastidious 



8 
 

organisms for which culture-based methods usually produce negative results
39

. Another 

advantage of NGS is the ability to sequence multiple nucleic acid targets for microbial 

identification in a single specimen. One major application of NGS is to sequence16S 

RNA, as it presents in almost all microorganisms and possesses species-specific nucleic 

acid sequence, which permits differentiation at the genus level. Due to the huge amount 

of data generated per test and long turnaround time, NGS is best suited for epidemiologic 

outbreaks or whole-genome sequencing projects rather than prompt microbial 

identifications. The high informatics burden requires skilled bioinformaticians to spend 

days to weeks to review the data for useful information.  

The above molecular technologies, including PCR, microarray, and genome 

sequencing, have transformed the landscape of clinical diagnosis (Figure 1-2). These 

methods, due to properties of high sensitivity, accuracy, and polymicrobial detection are 

progressively replacing culture-based methods. However, inherent to these culture-free 

and nucleic acid amplification methods is the lack of a ‘gold standard’ for comparison, 

notably when discrepancy found between molecular and culture results
9
. Moreover, the 

detection of a specific target gene does not directly correlate to the presence of viable 

microbes in a specimen, which raises the question about whether the gene comes from 

contamination (or non-specific binding) or the specimen. To reduce the false positives, 

molecular assay results should be interpreted along with other confirmatory methods as 

well as clinical syndromes.  



9 
 

 

Figure 1-2. Overview of a typical workflow in the clinical microbiology laboratory.  
(Reprinted by permission from Macmillan Publishers Ltd: Nature Reviews 

Microbiology
42

, Copyright 2013.)  
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Mass Spectrometry in Clinical Diagnostics 

The history  

Over the last century, mass spectrometry (MS) has evolved dramatically, which has 

radically revolutionalized the fields of drug discovery, biomedical sciences, and clinical 

diagnostics. The first mass spectrometer was invented by Joseph John Thomson in 1897 

with his success in measuring atomic weights of elements
43

. The 1906 Nobel Prize in 

Physics was awarded to him for his investigations on the conduction of electricity by 

gases
44

. Since then, numerous physicists, chemists, and biologists paved the way of 

improving mass spectrometers in mass accuracy, resolution, ability in coupling with other 

techniques, and demonstrating applications in biology, chemistry and elemental physics. 

MS is a robust analytical methodology that accurately measures the mass-to-charge ratios 

(m/z) of ions from various matrices, providing mass spectra as a plot of ion intensity 

versus m/z of each analyte. These mass spectra provide abundant information about the 

isotopic pattern, chemical structure and molecular composition in the samples. 

Until now, MS plays an important role in microbial identification in CMLs and 

represents a fundamental shift towards routine practice. However, the technical 

advancements have been undertaken for decades. In the 1970s, development of gas 

chromatography (GC)-MS led this technology accepted in clinical settings as an 

important diagnostic tool to monitor metabolites
45

. Reiner first reported the use of 

combined pyrolysis-gas-liquid chromatography (Py-GLC) to exploit the chemical 

difference between different bacteria
46

.  Since then, several studies applied the Py-GLC 

to characterize bacteria from different species. For example, Salmonella spp. pyrolysis 

products provided definitive information to classify different cellular matters
47

.  
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Simmonds et al. analyzed the pyrolysis peaks from two microorganisms, Micrococcus 

luteus and Bacillus subtilis var. niger using the Py-GLC MS to determine many complex 

bio-organic matters that acted as pyrolysis “fingerprints” for pathogen identification
48

.  

Due to the lack of standardization and inter-laboratory reproducibility, two studies were 

conducted to overcome the problems of the Py-GC-MS system
49,50

. They concluded that 

the mass spectral fingerprinting would provide more definitive information for 

differentiation than pyrolysis gas chromatogram. The most important paper came out in 

1975 as Anhalt and Fenselau suggested for the first time that bacterial membrane 

phospholipids (PL) and ubiquinones showed species-specific characteristics that could be 

used for bacterial identification
51

.  They directly inserted lyophilized bacteria into the hot 

ion chamber (300 to 350 ºC) of a mass spectrometer to produce MS fingerprints of 

bacteria from different genera and different species. Various separation techniques have 

been coupled with MS, such as GC, GLC, and high performance liquid chromatography 

(HPLC) to improve the resolution of separating complex biological materials (i.e., 

bacteria). In the 1980s, desorption/ionization techniques such as plasma desorption, laser 

desorption, electron impact and fast atom bombardment (FAB) were developed, which 

allowed detection of unique biomarker ions from microorganisms, resulting in bacterial 

profiling
52,53

. However, these ionization techniques were too energetic to preserve the 

intact molecular ions in a mass spectrometer. The need for ‘softer’ ionization techniques 

continued encouraging scientists to develop new techniques for microbial diagnosis. In 

the late 1980s, two soft ionization techniques, matrix-assisted laser desorption ionization 

(MALDI)
54,55

 and electrospray ionization (ESI)
53

 were developed that made the ‘elephant 

fly’ (large molecules) without fragmenting precursor ions. Scientists soon adopted both 
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techniques for bacterial profiling among many other innovations. As a result of the utility 

of the two new ionization methods, Dr. John Fenn and Mr. Koichi Tanaka shared the 

2002 Nobel Prize in Chemistry for their significant contribution in soft desorption 

ionization techniques development.  

Applications of MALDI-TOF MS in clinical diagnostics  

Since MALDI was invented, several studies demonstrated the feasibility of using 

MALDI-time of flight (TOF) to produce protein fingerprints from cell lysates and protein 

extracts
56–58

. Efforts were devoted to simplify the sample preparation for MALDI-TOF 

MS analysis. In 1996, Holland et al. first demonstrated that MALDI-TOF species-

specific mass spectra could be acquired directly from whole cells without pretreatment
59

. 

They compared the obtained mass spectra with reference mass spectra or co-generated 

mass spectra from known species. Several groups followed up this method by validating 

its application in direct identification from whole bacterial cells
60–62

. With the success of 

MALDI-TOF in the rapid bacterial identification, researchers and companies devoted 

efforts in demonstrating applications in multiple fields including clinical diagnostics, 

environmental monitoring, forensics and food industry
63

.  

Technique 

A mass spectrometer is typically composed of three functional units: (1) an ion source 

that produces ions from samples and transfers them to the gas phase, (2) a mass analyzer 

that separates ions based on their mass-to-charge ratio (m/z), and (3) a detector that 

generates electronic signal from the separated ions
63

. The analytical power and broad 

capabilities of a mass spectrometer come from the versatile options of each above 

functional unit. Several ionization methods are developed including FAB, chemical 
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ionization, electron impact, desorption electrospray ionization (DESI), ESI, MALDI, and 

surface acoustic wave nebulization (SAWN). In this thesis, three ionization methods (ESI, 

MALDI, and SAWN) were used and will be discussed in detail in the following chapters. 

Different ionization sources can be coupled to various mass analyzers such as triple 

quadrupole, ion trap, orbitrap, fourier transform ion cyclotron resonance (FT-ICR) and 

time of flight (TOF) for different analytical problems. The combination of MALDI-TOF 

for microorganism identification has been employed for over two decades
59

, because the 

TOF mass analyzer
64

 is rapid enough to separate ions generated from pulsed laser 

ionization, making it as an ideal combination. Although the 2002 Nobel Prize in 

Chemistry was awarded to Mr. Tanaka for his contribution in laser desorption of 

macromolecules, the MALDI technique was developed by Michael Karas and Franz 

Hillenkamp
54

 in the 1980s. 

A typical workflow (Figure 1-3) for a MALDI experiment involves mixing the 

matrix with samples resulting in a layer of co-crystallized sample and matrix on a 

MALDI target plate.  The MALDI matrix is usually small acidic organic molecules with 

hydrocarbon rings that absorb most of laser energy and that is transferred to analytes in 

samples. During ablation, the laser desorbs analytes from solid crystal sample-matrix 

mixtures into the gas phase, and then ions are generated (most probably) by proton 

transfer from matrix
65

. Ions are transferred into a TOF tube and separated based on their 

m/z ratios, resulting in a mass spectrum where most ions are singly charged. Matrix 

selection depends on the type of analytes and the type of laser used
65

. For protein analysis, 

α-cyano-4-hydroxycinnamic acid (CHCA), ferulic acid and sinapinic acid matrices are 

used for MALDI analysis
66

. Matrices like 2,5-dihydroxybenzoic acid (DHB) and 9-
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aminoacridine are usually used for lipids detection
67

. Recently, Scott A.J. et al.
68

, 

reported a new matrix, norharmane, for lipid mass spectrometry imaging analysis, 

showing that higher sensitivity was achieved by comparing with other common matrices 

used for lipid studies. The advantages of MALDI-TOF are (1) theoretically unlimited 

mass range making it ideal for protein detection, particularly large molecular weight 

proteins, (2) reliable and rapid identification results, and (3) easy sample preparation and 

the potential to be automated in routine analysis. These advantages resulted in the 

MALDI-TOF MS platform being an overwhelming choice for microbial identification by 

CMLs
69

. 

 

Figure 1-3. Schematic diagram of a MALDI-TOF mass spectrometer. (1) Samples 

are firstly mixed with matrix and allowed to dry on a stainless steel plate to form a layer 

of crystals. After sample deposition, the MALDI plate is transferred into the vacuum 

chamber. A pulsed laser beam bombards the crystallized sample and matrix mixtures to 

generate charged ions. (2) Ions are transferred into the gas phase and then accelerated 

through an electrostatic field. Between two plates, the delayed extraction method is used 

to correct initial kinetic energy and to improve mass resolution. As ions with the same 

kinetic energy enter into the TOF flight tube, smaller ions (lower m/z) travel faster than 

larger ions (higher m/z), hitting the detector in a shorter time. For the reflector type of 

TOF mass analyzer, it doubles the flight path of ions inside the tube, which results in 

higher mass resolution. (3) Separated ions are detected by a micro-channel plate that 

converts the ions into electron signals and amplifies the signals. The m/z of each ion is 

derived from the flight time. 
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MALDI-TOF MS protein phenotyping.  

Currently, the MALDI-TOF MS protein phenotyping method is well accepted for 

microbial identification based on different protein composition and abundance detected 

by MS to generate protein fingerprints of tested microorganisms. A single microbial 

colony is picked up and smeared on a MALDI plate well and then mixed with a matrix 

solution to allow air drying at room temperature (Figure 1-4a). Numerous studies 

reported that ions (>4 kDa) detected from whole microorganism cells are intact 

proteins
66,70

. Microbial protein fingerprints are generated and searched against a reference 

database for identification (Figure 1-4b). Many studies have shown that these detected 

proteins (~50% ribosomal proteins
71

) are conserved with corresponding ions well 

represented in the mass spectrum even at different environmental conditions
72

. This 

demonstrates the reproducibility of detecting these protein biomarkers, which is ideal for 

routine bacterial identification. 
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Figure 1-4. General workflow for the MALDI-TOF MS in microbial identification.  
(a) Representation of sample preparation for MALDI-TOF MS analysis. (b) General 

schematic for MS analysis after the samples preparation. The generated mass spectra are 

searched against the reference database for bacterial identification. Reprinted by 

permission from American Society for Microbiology: Clinical Microbiology Reviews
73

, 

Copyright a2013.  

 

Current commercial MALDI-TOF MS platforms.  

The use of commercially available MS platforms saves clinical microbiologists’ hands-on 

time in sample preparation and data interpretation, particularly without the need of 

expertise in MS. Three MALDI-TOF platforms have been commercialized for microbial 

identification: The Andromas MS (Andromas SAS, France), Bruker MALDI Biotyper 

CA (Bruker Daltonics, Billerica MA), and the VITEK MS (bioMérieux S.A., France) 

systems. The first one is broadly used in Europe and is not available in North America. 

Typically, these systems are composed of a MALDI-TOF mass spectrometer, operating 

and analysis software, and a reference database for identification
74

. As the quality of the 

database is the key to ensure reliable and reproducible results, users can build an in-house 

database to expand the capabilities of the systems. Many studies have compared the two 
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systems side by side to determine the identification accuracy and related performance 

metrics. Cherkaoui et al.
75

 conducted a comprehensive comparison between the two 

systems, which showed comparable accuracy when analyzing 720 bacterial colonies that 

were confirmed by 16S rRNA genome sequencing, with 99.1% correct identification for 

Bruker MALDI Biotyper and 99.4% for the Vitek MS system. In another study, Levesque 

S. et al.
76

 reported that the MALDI Biotyper correctly assigned 494 of the 572 tested 

strains (86.4%) while the Vitek MS system achieved 92.3% correct identification of 406 

strains presented in the database. Several other studies also reported that both systems 

have equivalent analytical performances
77–80

.  

The success of these MALDI-TOF MS systems makes this technology a very 

appealing alternative in CMLs. By comparing with conventional biochemical and 

phenotypic identification methods, MALDI-TOF MS showed high accuracy for microbial 

identification and even demonstrated comparable or better performances than traditional 

techniques
81,82

. The diagnostic time is significantly reduced using MALDI-TOF MS 

platforms, from pure colonies to identification results only requiring about 5-10 min vs. 

5-48 h for traditional identification
74

. Although the purchase of a MALDI-TOF mass 

spectrometer is large capital investment for a CML, the running costs per sample are 

much cheaper than conventional phenotypic identification. Seng et al.
74

 estimated that 

MALDI-TOF MS per sample cost was only 17-32% of other routinely used methods. 

Although modern molecular methods, such as PCR and genome sequencing are also 

routinely used in CMLs, they have several problematic limitations that the MALDI-TOF 

MS does not have. Specifically, these limitations include possible contamination of 

reagents with microbial DNA, high reagent cost, labor-intensive and requirement of 
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expertise in data analysis. Therefore, this makes MALDI-TOF MS an ideal analytical tool 

in CMLs for routine bacterial identification.  

However, current protein-based MALDI-TOF MS platforms are not immune from 

limitations. The prerequisite of reliable results from MALDI Biotyper or Vitek MS 

system is smearing pure colonies on a MALDI plate, indicating that prior microbial 

culture is needed to obtain pure colonies, which usually takes several days. Another 

limitation is the difficulty in analyzing polymicrobial samples or directly processing 

biofluid specimens without culture. The incapability of distinguishing the antibiotic-

resistant and -susceptible strains also limits the application in antibiotic resistance 

detection. Thus, further development is needed to address these drawbacks, which in turn 

will drive the development of other innovative alternatives. 

Nucleic acids-based MS techniques for clinical diagnostics   

Besides using proteins as biomarkers for microbial identification, genotyping by way of 

nucleic acids, which contain species-specific information, could be used for microbial 

differentiation. Currently, two soft ionization techniques (MALDI and ESI) based MS 

systems are used for nucleotides sequencing (Figure 1-5). In addition, sequence analysis 

of nucleic acids can accurately identify antibiotic resistance strains due to associated gene 

mutations
83

. Low bioload of bacteria can be detected in samples due to the amplification 

of PCR.  

Sequenom developed an efficient MALDI-based method, called iSeq that detects 

nucleic acids derived RNA fragments
83

.The microbial nucleotides fragments are first 

exponentially amplified by PCR and then linearly amplified by transcription. The RNA 

products are analyzed by MALDI-TOF instruments due to better ionization efficiency 
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than DNA. In contrast to the protein-pattern matching method that uses the experimental 

spectra library for identification, PCR products signals are compared with in silico 

digested patterns based on the reference sequences. The iSeq method showed high 

concordance (98.9%) with standard Sanger genome sequencing method
84

. However, the 

experimental procedure for this technique requires at least a day to obtain final 

identification results.  

ESI is another soft ionization technique that has been widely used in clinical 

laboratories. The combination of high-resolution ESI-TOF with detection of PCR 

amplicons allows quantitatively identify a school of microorganisms and even provides 

information of antibiotic resistance or virulence factors
85–87

.  First, the informative 

genomic loci regions are amplified by PCR, and then the amplicons are purified for MS 

analysis. The samples are transferred by a capillary and ionized by electrospray with high 

voltage. The high resolution of TOF analyzers gives the capability of detecting several 

PCR products simultaneously. The number and composition of nucleotides can be 

deduced mathematically because of the distinct masses for each PCR products. The 

analyzed MS results (base composition data) are then compared with reference genome 

database calculated from known microorganisms to generate a list of potential 

bacteria
88,89

. The T5000 Biosensors system (Ibis Biosciences Abbott) is a commercial 

PCR-ESI-MS platform that can identify about 1,400 human pathogens with high 

resolution strain-specific typing. 
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Figure 1-5. Overview of current MS-based techniques for microbial identification in 

CMLs. Reprinted by permission from Macmillan Publishers Ltd: Nature Reviews 

Microbiology
42

, Copyright 2013  

 

Microbial lipids as MS-based diagnostic markers  

Besides protein, scientists also demonstrated the feasibility of using microbial membrane 

lipids for identification. The bacterial membrane contains approximately equal 

proportions of lipids and proteins
90

. Lipids are essential components of microbial 

membranes, presenting a large diversity in structures and dynamic compositions. 

Bacterial lipids include PLs including phosphatidylglycerol (PG), 



21 
 

phosphatidylethanolamine (PE) and cardiolipin (CL), phosphatidylcholine (PS), and 

phosphatidylinositol (PI), as well as other classes of lipids, such as ornithine lipids, 

glycolipids, and sphingolipids. Previous studies revealed that structural variation of PLs 

may be species-specific and can serve as the basis of using PLs for microbial 

differentiation
91,92

. In early years, Cole and Smith et al.
93

 used FAB-MS to analyze PL 

profiling for microbial discrimination. Continuous research on utilizing various MS 

techniques, such as ESI
94

, MALDI
95

, desorption electrospray ionization (DESI)
96

, and 

rapid evaporative ionization mass spectrometry (REIMS)
97

 demonstrated that PL profiles 

have species-specific PL profiles. However, there is no lipid-based identification platform 

that showed the qualified specificity and robustness to be widely adopted in clinical 

settings. Challenges come from the marked low reproducibility between strains or species 

replicates partly resulting from the PL content affected by the growth condition and low 

specificity due to the interference from host PLs. However, as discussed below, microbial 

membranes are a reservoir of various classes of lipids that can be used like proteins as 

biomarkers for bacterial identification
98,99

.   

Rational of using microbial membrane glycolipids as a novel diagnostic biomarker 

Besides PLs, some types of glycolipids are unique to Gram-positive and Gram-negative 

bacteria. The uniqueness and structural diverse of these glycolipids fuel the rational to 

exploit them as potential diagnostic markers. A Gram-positive bacterial membrane has a 

single layer of phospholipid membrane with a thick layer of peptidoglycan cell wall 

surrounded and a type of unique molecule to Gram-positive bacteria, lipoteichoic acid 

(LTA) anchored to the cell membrane by diacylglycerol
100

 (Figure 1-6). LTA is an 

amphiphilic polymer with a hydrophilic backbone containing repeated glycerophosphate 
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units and a glycolipid anchor. Various degrees of substitution and polyglycerophosphate 

chain length present an exploitable heterogeneity in LTA
101

. In contrast, a Gram-negative 

bacterial membrane is comprised of two lipid membranes, one inner and one outer 

membrane, and a thin layer of peptidoglycan in between, which is called the periplasm. 

The unique glycolipid, lipopolysaccharides (LPS), is located at the outer leaflet of the 

outer membrane, though biosynthesis is started at the inner leaflet of the inner membrane. 

LPS consists of three major components: 1) O-antigen characterized as repetitive 

oligosaccharides facing towards the outer environment, 2) core polysaccharides 

containing the various sugars such as pentose, hexose, and heptose, and 3) lipid A, the 

hydrophobic portion of LPS
102

 (Figure 1-6). Lipid A is known as endotoxin and plays a 

vital role in innate immune activation and host inflammatory response. Structurally, lipid 

A is comprised of a β-1’,6-linked diglucosamine backbone with one or two terminal 

phosphate groups at 1 or 4’ position and various numbers of fatty acid chains
103

. In 

addition, lipid A is highly structurally diverse due to different number and chain length of 

fatty acids attached to the diglucosamine backbone and modifications on terminal 

phosphates by adding different functional moieties
104,105

. The heterogeneity of lipid A is 

associated with species-specific characteristics and environmental conditions
106

.  Fungi 

also have a considerable diversity of membrane lipids in response to environmental stress 

and different stages of cellular development
107

. Among these lipids, sphingolipids show 

chemical structure uniqueness with diverse sphingoid backbone, an amide linked fatty 

acid chain and a polar head group via an ester bond
108

 (Figure 1-6). They also provide 

potentially species-specific lipid markers for clinical diagnostics. 
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Figure 1-6. Membrane structure of Gram-negative, Gram-positive bacteria and 

fungi. Extractable membrane unique lipid structures are shown, namely LPS for Gram-

negative bacteria, LTA for Gram-positive bacteria and Sphingolipids for fungi. (Adapted 

from DRG&RKE NIH R01GM111066-01)  

 

Numerous efforts are devoted to translating chemical patterns of these 

heterogeneous microbial membrane lipids into MS profiles for differentiation. Our group 

and our long-term collaborator, Dr. Robert Ernst have pioneered the use of microbial 

membrane lipids as chemical barcodes for identification and significantly contributed to 

the development of the lipid-based diagnostic platform
98

. Before using microbial 

membrane lipids as diagnostic markers, we started lipid A structural elucidation using 

ESI tandem MS by fragmenting precursor lipid A ions and going through a multi-level 

(MS
n
) process to assign fragments to assemble candidate structures. Shaffer et al. 
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reported lipid A structural heterogeneity of Francisella novicida (F. novicida) in response 

to different culture temperature (25
o
C vs. 37

o
C). Shaffer manually assigned 133 F. 

novicida lipid A structures based on acquired ESI tandem MS data, which demonstrated 

the structural diversity of lipid A. In order to speed up the data analysis process, Ting et 

al. developed a computation algorithm to annotate lipid A tandem MS spectra 

automatically; termed as hierarchical tandem mass spectrometry (HiTMS) algorithm
109

. 

Moreover, Yoon et al. used a novel ambient sample transfer method, SAWN, to facilitate 

the bacterial lipids structural analysis
110

 and followed study showed the SAWN system 

could be coupled with HiTMS algorithm for automated lipid A structure assignment
111

. 

Dr. Brodbelt’s group at the University of Texas at Austin developed another higher 

energetic fragmentation technique, ultraviolet photodissociation (UVPD) and employed it 

for LPS or lipid A structural assignment, validating the heterogeneity of these 

molecules
112,113

. Based on the UVPD method, Morrison et al. developed a similar 

computational algorithm that used a hierarchical decision-tree MS
n
 approach to 

characterize lipid A structures without the need of an experimental spectral database
114

.  

With the knowledge of microbial lipid structures, Drs. Goodlett and Ernst 

proposed that essential microbial membrane lipids can be used as chemical fingerprints 

for pathogen identification by mass spectrometry profiling. This hypothesis was validated 

by examining various microbial species MS lipid profiles. Leung et al. have analyzed 

clinical important ESKAPE (Enterococcus faecium, Staphylococcus aureus, Klebsiella 

pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter spp.) 

pathogens and subsequently built a glycolipid library for bacterial identification
115

 

(Figure 1-7). The initial version of the library contained 50 entry of bacterial species and 
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was further expanded by adding 43 different fungal and yeast species, which results in a 

more comprehensive library with improved functionality of the platform. Currently, the 

library is incorporated in the MALDI Biotyper system for identification software, which 

was demonstrated by Leung et al.
115

 showing it was compatible with the commercialized 

protein-based system. To prepare samples for MS analysis, glycolipids are extracted from 

bacterial membranes. However, the current routinely used glycolipid extraction 

protocol
116

 is time-consuming, taking more than one working day from sample to results, 

which is not ideal in practical clinical settings, particularly for acute infection cases. 

However, as part of my dissertation work much progress has been made in developing a 

new microbial membrane lipid extraction method that is described in Chapter Three 

(vide infra), which shortened extraction time to less than an hour. As described in 

Chapter Two (vide infra) Liang et al. also demonstrated the feasibility of using SAWN 

generated lipid A mass spectra for Gram-negative differentiation
117

. 
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Figure 1-7. Bacterial glycolipids permit ESKAPE pathogens identification.  (a) 

Representative MS profiles from ESKAPE pathogens. Signature lipid A ion m/z 

values are labeled in each spectrum; (b) ESKAPE pathogens differentiation based on the 

dot product analysis of their mass spectra. Spectrum similarity scores were calculated 

from each pair of species mass lists by dot product approach. The black squares represent 

a score 1.0, indicating an identical match, while lower scores correspond to the red color 

intensity. Bacterial species names with * indicate colistin-resistant strains. Reprinted by 

permission from Springer Nature: Scientific Reports
115

, Copyright 2017.  

 

Rapid Diagnosis of Sepsis 

The need for better biomarkers 

Previous sections discussed the in vitro methods for pathogen identification and 

the feasibility of using bacterial membrane lipids as novel diagnostic biomarkers. From 

the hosts’ respective, another unmet challenge is having a robust clinical method to 

diagnose pathogens induced disease and inflammation. For example, sepsis is a life-

threatening condition that is defined as systemic inflammatory response syndrome (SIRS) 
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due to the dysregulated host innate immune response to microbial infection. Sepsis is a 

critical public health problem with increasing incidence and remains one of the leading 

causes of death worldwide. Up to 19 million people are diagnosed with sepsis annually
118

. 

Sepsis is considered when patients show symptoms of hyperthermia (>38 
º
C) or 

hypothermia (<36 
º
C), hypotension, altered mental status, and organ dysfunction

119
. The 

severity of sepsis can be categorized into several stages - SIRS, sepsis, severe sepsis, and 

septic shock. Although Gram-positive bacteria are common causative agents of sepsis 

with increasingly frequency, a recent study showed that Gram-negative bacteria infected 

62% severe sepsis patients and 19% of cases were caused by fungi
120

. The development 

of sepsis due to the activation of the innate immune system causes the production of 

excessive amount of proinflammatory mediators, cytokines and chemokines, which 

breaks the equilibrium of pro- and anti-inflammatory response in the host. Early 

diagnosis of sepsis is important as each hour of delay of appropriate antimicrobial 

administration results in an increase in the mortality rate by an  average of 7.6%
121

. A 

retrospective cohort study showed that nearly 80% of septic patients could be saved with 

rapid diagnosis and effective antimicrobial therapy
121

.  

The accuracy of sepsis diagnosis could be affected by many factors such as the 

variation of the population, age, sex, and immune system state of patients
122

.  Given these 

difficulties, it is challenging to define sepsis accurately based on simple clinical 

assessment. Currently, culture-dependent methods are the mainstay in sepsis diagnosis to 

determine the causative microorganisms but are slow and labor-intensive. While blood 

culture is considered as the ‘gold standard’ in existing clinical diagnostic, up to 50% of 

positive blood cultures are false-positives
123

. Therefore, culture-independent methods 
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using reliable biomarkers hold promise in rapid sepsis diagnosis, severity evaluation, and 

treatment effectiveness monitoring.  

There is a long history of research searching for sepsis biomarkers. In 1930, C-

reactive protein (CRP) was been found by Tillett and Francis who demonstrated its role 

in host defense against bacterial invasion
124

. CRP is a plasma protein, produced in 

response to general inflammation but lacking specificity to sepsis. Procalcitonin (PCT) is 

another widely studied biomarker for sepsis, first proposed in 1993
125

, which has higher 

diagnostic accuracy with greater sensitivity and specificity than CRP
126–128

. Elevation of 

PCT plasma levels has been concluded associated with bacterial infection
125

. To date, 

more than 170 putative biomarkers have been discovered and assessed clinically, but 

none of them showed sufficient specificity and sensitivity for sepsis diagnosis
122

. Besides 

the above two extensively studied proinflammatory proteins, other proteins with various 

biological functions were investigated for their potential in clinical use, including 

endothelial proteins, cell surface receptors, cytokines, chemokines, immunomodulators, 

and genomic regulators
129

. Thus, it is imperative to find better biomarkers that are 

reliable, specific and sensitive to sepsis diagnosis. In an attempt to discover new 

biomarkers of sepsis, many techniques have been applied including use of mass 

spectrometry-based proteomics to identify and quantify proteins of interest in a single 

analysis
130

. In addition, activated pathway and relevant biological function information 

can be extracted from large proteomics datasets, which provides a deeper molecular 

understanding of potential biomarkers. 
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Label-free quantitation (LFQ) shotgun proteomics 

For proteomics analysis, two strategies are commonly used: bottom-up or top-

down proteomics. The bottom-up proteomics involve the process of proteolytic digestion 

of proteins to peptides. When a mixture of proteins are digested and their peptides 

analyzed, this is generally referred to as shotgun proteomics
131

. Briefly, peptides are 

separated by a LC column and transferred into a mass spectrometer for ionization and 

fragmentation. Acquired tandem MS data are searched against an in silico database 

containing theoretical tandem mass spectra of peptides derived from proteins. Identified 

peptides will be scored based on the matched spectrum, and corresponding proteins will 

be inferred through assigned peptide sequences
132

. On the other hand, top-down 

proteomics directly analyzes intact proteins instead of their peptides resulting from 

proteolysis. Although significant advances have been achieved for top-down proteomics 

particularly in post-translational modification (PTM) and protein species, there are a lot 

of limitations and challenges for intact protein analysis compared with shotgun 

proteomics
132

.  Therefore, bottom-up shotgun proteomics continues to be widely used in 

biological, medical and pharmaceutical research
133

.  

While the identification of peptides and proteins provides a plethora of useful 

qualitative information, it cannot address some biological questions without the 

quantitative characterization of proteome expression and PTM change. There are two 

popular label-free methods: (1) spectral counting by measuring the number of peptides 

identified to a specific protein
134

, and (2) peptide ion intensities based on using 

chromatographic peak areas belonging to a particular protein
135

. Recently, Jurgen Cox et 

al
136

 developed a new intensity-based LFQ method by extracting maximum possible 
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information from quantifiable peptides between samples. This method is termed as 

MaxLFQ and now has been successfully implemented in MaxQuant search engine to 

provide quantitative information for a variety of biological questions
137

.  

Research Objectives 

With the critical challenges in clinical microbial diagnosis, the overall goal of this 

dissertation was to develop robust and rapid mass spectrometric methods for the 

diagnosis of microbial infections. Given that the host-pathogen interaction is dynamic 

and complex, we sought to address the problem from two perspectives: (i) a new rapid 

pathogen identification method would provide timely information to clinicians for 

appropriate therapy administration, and (ii) a better understanding of proteome change 

during the course of sepsis development would facilitate the hunting of new reliable, 

sensitive and specific biomarkers. 

Chapter Two describes the characterization by Liang et al.
99

 of three different 

SAWN chip designs for use in MS analysis of the bacterial glycolipid known as lipid A. 

We used three different statistical measurements to objectively calculate MS noise level 

and, subsequently, signal-to-noise ratio for the purpose of choosing the optimal SAWN 

chip between three different designs. The best performing standing wave SAWN chip 

enabled MS detection of 125 fmol of the commercial standard monophosphoryl lipid A. 

All three chips allowed detection of lipid A extracted from 9x10
4
 CFU of F. novicida. 

Finally, we show that SAWN-MS could be used to distinguish between different Gram-

negative bacterial species based on their lipid A MS profiles, which has implications in 

the field of bacterial phenotyping. 



31 
 

In Chapter Three, we report a new method that extracts lipids efficiently and 

rapidly from microbial membranes in less than an hour using an aqueous sodium acetate 

(SA) buffer. Leung et al.
115

 recently reported a novel and complementary approach by 

comparing MALDI-TOF mass spectra of bacterial membrane lipids to reference database 

to identify the ESKAPE pathogens. Although the reported lipid extraction protocol 

generated high-quality mass spectra, it required at least 18 hours from sample collection 

to identification. Meanwhile, this protocol was not compatible with clinical use due to the 

need for a fume hood to handle noxious chemicals. The new SA method was successfully 

applied to lipid-based approach for identification of clinically relevant ESKAPE 

pathogens and fungal species. The SA method can also differentiate antibiotic-susceptible 

and antibiotic-resistant strains, directly identify microbes from biological specimens, and 

detect pathogens in a polymicrobial sample. These results show clearly that the SA 

method coupled with the previously reported lipids-based diagnostic library has the 

potential to be a rapid bacterial identification platform, offering a positive impact on 

patient outcomes and antibiotic stewardship. 

Chapter Four presents the full detail of the use of shotgun LFQ proteomics to 

determine the proteome changes in serum protein expression during the course of murine 

lethal endotoxemia induced by Escherichia coli (E. coli) LPS. In this project, serum 

samples were collected at different time points (0h, 6h, 12h, and 18h) for longitudinal 

analysis. Quantitation results showed that the proteome expression pattern of 18-hour 

samples was distinct from other time points. ANOVA analysis of LPS injected mouse 

group demonstrated that 182 out of 324 proteins showed statistical significance and also 

with 2-fold change. To find new sepsis associated proteins, the 182 significant changed 
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proteins list was screened by extensive literature mining, resulting in 27 new proteins that 

have not been reported to associate with sepsis. Finally, five proteins were selected for 

biological validation using ELISA. 

Chapter Five summarizes the major findings and discusses the future directions 

of this work.  The potential positive clinical impact of our work would be elevated with 

continuous efforts of improving the current diagnostic platforms and validating the new 

proteins we found for sepsis diagnosis.   
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 : Optimized Surface Acoustic Wave Nebulization Chapter Two

Facilitates Bacterial Phenotyping
 
 

Introduction 

Mass spectrometry (MS) has been extensively used in the development of 

bioassays and is popular due to its high sensitivity, specificity, and speed of analysis
22,83

. 

Efficiency in converting neutral molecules into gas phase ions has long been a primary 

challenge in the field of MS
138

 because only charged particles can be directly detected by 

a mass spectrometer. Over the past three decades, two primary soft ionization 

technologies have fundamentally changed the biomolecular analysis field: electrospray 

ionization (ESI)
139

 and matrix-assisted laser desorption/ionization (MALDI)
140,141

. 

Although both offer increased capabilities for ionization of biomolecules and provide 

softer ionization than prior methods, each has some drawbacks, which has spurred 

continued development of new methods. Specifically, ESI requires a capillary for 

operation that is problematic for samples that may contaminate or clog the capillary (e.g., 

glycolipids
110

 and insoluble particulates
138

). Additionally, high voltages applied on the 

ESI emitter pose a potential safety hazard to the user and provide an opportunity for 

unwanted electrochemical oxidation of sample components
142

. While MALDI is known 

for its salt tolerance, it can produce ions with higher energetics than ESI resulting in  

Chapter Two: Liang, T., Schneider, T., Yoon, S.H., Oyler, B.L., Leung, L.M., Fondrie, 

W.E., Yen, G., Huang, Y., Ernst, R.K., Nilsson, E. and Goodlett, D.R., 2017. Optimized 

surface acoustic wave nebulization facilitates bacterial phenotyping. International 

Journal of Mass Spectrometry. 
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fragmentation of labile bonds in some molecules prior to MS analysis, and matrix ions 

can obscure analyte signals of interest in the low m/z range, typically below 500 Da 

depending on the matrix. 

While MALDI and ESI have proven very useful in clinical and research settings, 

attempts to improve them have led to the development of ambient ionization methods that 

often produce ions of lower energy
143–146

. The Goodlett laboratory contributed to this 

trend with the development of surface acoustic wave (SAW) technology, which had been 

in use for microfluidics
147

 and biosensors
148

, for nebulization. SAW nebulization (SAWN) 

has proven to be a simple method for transferring analytes in solution at atmospheric 

pressure to the gas phase for ionization
149

. SAWN works by applying a radio frequency 

signal on a piezoelectric substrate with patterned interdigitated transducers (IDTs) to 

generate high frequency SAWs that travel along the surface of the piezoelectric substrate. 

Nebulization occurs as the energy from the SAW is transferred into a liquid droplet 

containing an analyte(s) placed adjacent to the IDTs
150,151

. Several studies have reported 

applications of SAWN-MS ranging from peptide detection
149

, lipid structural 

analysis
110,111

, protein detection
152

, drug analysis in complex mixtures 
153

, and combined 

with microfluidics
154

 and digital microfluidics for hydrogen/deuterium exchange
155

. Yue 

Huang et al., have shown that SAWN produces ions with lower internal energies than ESI, 

highlighting SAWN as a ‘soft’ ionization method
156

. Another report demonstrated that 

SAWN can be coupled with liquid chromatography separation for proteomics analysis
157

. 

In addition, SAWN circumvents the use of matrix for charged particle formation from a 

planar surface, making it easier to optimize than MALDI. 
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MALDI-TOF-MS is increasingly being used in clinical settings and has begun to 

play an important role in microbial diagnostics
158

. This approach, embodied in the Bruker 

Biotyper and Biomerieux/Shimadzu VITEK systems, uses organism-specific mass 

spectral libraries of bacterial protein patterns to identify bacteria. Despite being 

convenient to implement, these methods require overnight culture. That fact has driven 

continued development toward methods that can provide same day identification
159,160

. 

Recently, we developed a MALDI-TOF-MS method 
115

 that uses bacterial glycolipids for 

identification, e.g. lipid A from Gram-negative bacteria, in place of bacterial protein 

patterns. This approach circumvents the need for overnight culture, which in turn allows 

same day identifications by working direct from specimen
161

. Lipid A is the endotoxic 

component and membrane anchor of lipopolysaccharide in the outer leaflet of Gram-

negative bacterial outer membranes and is directly involved in microbial pathogenesis 

and innate immune system recognition
162

. For example, patients infected with Gram-

negative bacteria may develop life-threatening inflammatory complications, especially 

sepsis
163

, through host innate immune system detection of lipid A and a consequent 

cytokine storm
164,165

 that produces high mortality of patients even after antibiotics have 

cleared the infection
166

.  

Recent reports
110,111

 have demonstrated that SAWN-MS facilitates the analysis of 

lipid A, which occurs as a mixture of molecules of related structures, by allowing facile 

generation of tandem mass spectra for structural characterization. Here we provide results 

showing that SAWN-MS, similar to MALDI-TOF-MS
115

, can be used to identify bacteria 

via their species-specific lipid A ions. To do so we use an optimized design of a standing 

wave SAWN chip, which was previously shown to produce a 100-fold improvement in 
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signal-to-noise ratio (SNR) compared to the first generation progressive wave SAWN 

chip design
152

. We also define the LOD for SAWN-MS detection of lipid A for a 

relatively pure lipid A commercial standard and for lipid A extracted from Francisella 

novicida (F. novicida).   

Materials and Methods 

Materials 

Commercially available monophosphoryl lipid A (MPL; Avanti Polar Lipids, Inc., 

Alabaster, AL, USA) was used as an internal standard throughout this study. A stock 

solution of MPL was prepared in a 1:2 mixture of methanol/chloroform at a concentration 

of 1 mg/mL. F.novicida (U112), and the four Gram-negative species that are part of the 

clinically significant set of six ESKAPE pathogens, which include Enterococcus faecium 

(Gram +), Staphylococcus aureus (Gram +), Klebsiella pneumoniae (Gram -, TBE 824), 

Acinetobacter baumannii (Gram -, TBE 1022), Pseudomonas aeruginosa (Gram -, 

BE175), and Enterobacter cloacae (Gram -, FN2543) were grown at 37 
o
C overnight with 

shaking after picked pure colonies from agar plates. Lipid A was extracted using a rapid 

ammonium isobutyrate lipid micro-extraction method 
167

. Bacterial cells were estimated 

by colony forming units (CFU) from liquid culture using standard plating methods. Serial 

dilutions of MPL were prepared from a MPL stock solution and diluted in a mixture of 

chloroform/methanol/water (12:6:1, v/v/v) followed by vortexing. F. novicida lipid A 

extracts were reconstituted in the same solvent mixture, serially diluted, and spiked with 

MPL in each dilution as a reference before mass spectrometric analysis. The final 

concentration of spiked MPL was 5 µM for each sample.  
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SAWN chip fabrication 

All chips were designed to have an operating frequency of 9.56 MHz as the major 

criteria, which was a requirement of the SAWN controller designed and supplied by our 

collaborator. The modifications to the design followed a multi-parameter assessment 

based on our original standing wave chip (Chip 1)
159

. All chips retained an interdigital 

spacing of 100 µm and the parameters governing the changes in the designs were focused 

on the number of IDT pairs, the width of the IDTs, and the delay region (the area 

between IDT pairs). The SAW generated by any IDT is a function of the IDT spacing 

(kept constant in the chips presented in this study), the number of IDT pairs (varied 

between chips), the width of the IDT (varied), and the delay region (varied between 

chips). The latter parameter is crucial as it defines the overlap of counter-propagating 

SAWs on the chip, based on the SAW wavelength. The resulting SAW has a maximum 

operating power that is defined by resistance the SAWN chip creates on the circuitry of 

the SAWN control box. The operating power presented here is the optimal power that 

could generate a fine mist and not exceeds the maximum operating power. The changes 

in the parameters are summarized in Table 2-1 and briefly stated here. 

Table 2-1. Specification summaries of three SAWN chip designs.    

 Chip 1 Chip 2 Chip 3 

IDT (pairs) 20 10 20 

Dimensions (L x W, mm) 51 x 19 22 x 14 53 x 14 

Aperture (mm) 9.9 9.9 5.0 

Delay region (mm) 6.2 4.1 8.1 

Operating power (W) 7.95 6.00 6.75 

Operating frequency (MHz) 9.56 9.56 9.56 
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All chips had 100 m wide interdigitated electrodes, spaced 100 m apart (20 

pairs for Chips 1 and 3, 10 pairs for Chip 2), and with varying apertures (the width of 

overlapped fingers of IDT pairs), WIDT (Chips 1 and 2 = 9.9 mm, Chip 3 = 5.0 mm). The 

delay region was varied to be 6.2 mm (Chip 1), 4.1 mm (Chip 2), and 8.1 mm (Chip 3). 

All modifications to the original SAWN chip presented here (Chip 1) aimed at reducing 

the chip’s lateral dimensions and to allow positioning the chip closer to the source inlet. 

The aim in the design of chip 2 was a reduction of the chip’s footprint (i.e., the actual 

substrate material) perpendicular to the SAW direction by reducing the number of IDT 

pairs and the length of the delay region. The modifications of chip 3 aimed at reducing 

the dimensions of the chip parallel to the SAW direction by reducing the width of the 

IDT pair. Chip 3 also had a longer delay region to facilitate greater ease in sampling. 

All SAWN chips (Figure 2-1) used in this study were fabricated at the 

Washington Nanofabrication Facility (University of Washington, Seattle, WA, USA). 

The fabrication of SAWN chips has been reported in detail elsewhere 
156

. Briefly, a 128 

Y-cut X propagating 3 inch LiNbO3 wafer (Crystal Technology, Inc., Palo Alto, CA, 

USA) was used as a piezoelectric substrate for the SAWN chip fabrication. The SAW 

transducers were patterned onto the wafer by soft photolithography to create a mask on 

the wafer before metal evaporation of a 20 nm chrome adhesion layer, followed by a 60 

nm gold layer comprising the IDTs. The masking resist was subsequently removed 

through wet chemical methods, leaving behind the chip that had an operating frequency 

of 9.56 MHz. Three different designs of SAWN chips were tested in this study (Figure 

2-1b). All chips had 100 m wide interdigitated electrodes, spaced 100 m apart (20 

pairs for Chips 1 and 3, 10 pairs for Chip 2), and with varying apertures, WIDT (Chips 1 
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and 2 = 9.9 mm, Chip 3 = 5 mm). The delay region between the two IDT’s per chip was 

varied to be 6.2 mm (Chip 1), 4.1 mm (Chip 2), and 8.1 mm (Chip 3). 

 

Figure 2-1. SAWN experimental setup and three different designs. (a) Configuration 

of the SAWN devices for mass spectrometric analysis on Synapt G2-S. (b) Three 

different geometries of SW SAWN chips. All three chips selected for testing are standing 

wave SAWN device. Reprinted by permission from Elsevier: International Journal of 

Mass Spectrometry
99

, Copyright 2017. 

 

SAWN MS Operation  

All MS experiments with ESI and SAWN were conducted on a Waters Synapt 

G2-S HDMS Q-IMS-oaTOF mass spectrometer (Waters Corporation, Milford, MA, 

USA). The SAWN chip was powered by a SAWN controller (v 1.2; Deurion LLC, 

Seattle, WA, USA). A custom SAWN chip holder was designed using 123D Design 

software (Autodesk, San Rafael, CA, USA) and fabricated with a Simple Metal 3D 

printer (Printrbot, Lincoln, CA, USA) and used to position the SAWN chip near the 

source inlet of the mass spectrometer (Figure 2-1a). The temperature distribution profile 

of the three chips was measured at different intervals by a Forward Looking Infrared 

camera (FLIR i5 camera; 10,000 pixel; =0.60; FLIR Systems, Boston, MA, USA; see 
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Figure 2-2). The camera was calibrated to 23°C – 101°C between a bench surface and a 

hot soldering iron prior to the measurements. The SAWN chips were placed on a 3D 

printed plastic holder with a thin aluminum sheet between the chip and the plastic 3D-

printed chip holder. The use of a thin aluminum sheet was thought to reduce the heat 

generation and retention on the chip. In this study, the temperature of three different 

designs of SAWN chips were measured across a predefined grid area after initiating a 

continuous standing wave for 15 s, 30 s, 60 s, and 120 s. Between measurements, the 

SAWN chips were removed from the sample holder and both sample holder and SAWN 

chip were allowed to equilibrate to room temperature. 

 

Figure 2-2. Thermal images for the three standing wave SAWN chips investigated, 

measured by a FLIR camera. The cross-hair points at the center of the delay region. 

Measurements at  = 0.6. Reprinted by permission from Elsevier: International Journal 

of Mass Spectrometry
99

, Copyright 2017. 
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Prior to the LOD experiments, the mass spectrometer was tuned using ESI and 

optimized for maximum analyte signal in sensitivity TOF-MS mode. Subsequently, the 

ESI optimized tune parameters were applied to all SAWN experiments. SAWN chips 

were positioned near the source inlet to keep the distance between the delay region of 

SAWN chip and the source inlet to be 5 mm for all SAWN chips (Figure 2-1a). All 

experiments were conducted in sensitivity mode of the Synapt G2-S mass spectrometer at 

a sample acquisition rate of 0.1 s/scan in negative ion mode. Due to the fast evaporation 

of the chloroform/methanol solvent mixtures, the SAWN chip was powered on before the 

lipid A samples (i.e., aliquots of 1 µL) were repeatedly spotted into the delay region of 

the SAWN chip and allowed to nebulize. A total of 10 aliquots were spotted onto the chip 

and the sample plumes transferred to the MS inlet for each concentration and the 

resulting spectra averaged. Each sample was tested in triplicate from the lowest 

concentration to highest concentrations to avoid signal bias. After triplicate 

measurements of each concentration, the SAWN chips were cleaned by a rayon swab 

after being rinsed with methanol/chloroform mixture solution. The SAWN chips were 

subsequently examined with a blank to check for carryover. The SAW power applied to 

each chip was optimized for the most efficient nebulization (plume generation time, 

liquid moving, and plume duration) between the three different SAWN chip designs. This 

resulted in different power levels supplied to the chips; Chip 1 = 7.95 W, Chip 2 = 6.00 

W, Chip 3 = 6.75 W. 

Data Processing 

An automated custom developed sample-processing algorithm (LabVIEW 2013, 

National Instruments Corp., Austin, TX, USA) was used to ensure uniform data 
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processing between different data sets. A custom developed LabVIEW program was 

written for data processing to extract the mass spectrometric data for data processing. 

This software was designed to simulate all key strokes controlling the MassLynx 

software (Waters Corporation, Milford, MA, USA) for opening a chromatogram, 

integrating whole spectrum (m/z 1000 - 2000), extracting a target time window to obtain 

the mass spectrum, and extract specific peak intensity and m/z data. The SNR was then 

calculated in Python using three different methods of estimating noise: i) standard 

deviation (SD), ii) sum of mean of noise and SD, iii) root mean square (RMS). A 20 

Dalton mass window for lipid A peaks (m/z 1744 and 1665 for MPL and F. novicida lipid 

A, respectively) was selected and used for noise amplitude calculation (Figure 2-3).  

Briefly, after each mass spectrum was analyzed by the custom developed 

LabVIEW program, data were exported for signal-to-noise ratio (SNR) calculation. The 

LOD was determined based on a SNR for lipid A that was   3. Three different methods 

for calculating the noise level and SNR were used: i) based on standard deviation (SD) 
168

, 

ii) based on the sum of average noise plus SD, and iii) based on the root mean square 

(RMS) 
169

 of the noise. The F. novicida lipid A ions were normalized to the ion intensity 

for a known amount of MPL internal standard. One-way Analysis of Variance (ANOVA; 

95% confidence interval, n=3) was used to evaluate and compare the performance of 

three SAWN chips tested.  
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Figure 2-3. The algorithm of how a SNR is calculated for a targeted m/z using three 

different statistic methods. Reprinted by permission from Elsevier: International 

Journal of Mass Spectrometry
99

, Copyright 2017.  

 

For comparison of lipid A mass spectra between bacterial species, a dot product 

analysis was performed using the R (v3.3.3) statistical programming language and a heat 

map was generated using heatmap.2 function in gplots package
170

. Each lipid A mass 

spectrum was exported in a .csv file and subsequently imported into R using 

MALDIquant (v1.16.2)
171

. The mass spectra were smoothed, baseline corrected, binned, 

peaks aligned, MS intensities normalized and peaks above an SNR threshold (≥ 3) 

selected for dot product analysis.  
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Results and Discussion 

The focus of this study was first to characterize the analytical performance of the 

three different SAWN chip designs for lipid A analysis using a commercial standard 

MPL and then lipid A extracts from F. novicida. Second, we tested the ability of the 

standing wave SAWN chip design to distinguish four Gram-negative species of the 

ESKAPE pathogen set of six bacteria using their lipid A mass spectra
115

 as well as the 

MPL standard and F. novicida lipid A.  

Thermal Image Studies with Different SW-SAWN Designs 

Three SAWN chip designs were investigated with a focus on how differences in 

IDT design affect LOD of lipid A. A crucial difference between the three SAWN designs 

was the size and geometry of the IDTs; i.e., wide versus narrow IDTs, sharp versus 

rounded corners. The design of chip 1 was the same design used in previous standing 

wave SAWN studies (Figure 2-1b)
111,152

. The shorter or narrower designs with round-

corner IDTs (Chips 2 and 3, respectively) were designed to reduce the distance between 

the chip’s delay region and the source inlet of the mass spectrometer, and to minimize 

heat generation of the piezoelectric substrate during prolonged operation; e.g., edge 

effects. The results of thermal imaging of all three chips indicated that Chips 2 and 3 

showed slower heating. This result was expected from the reduction in the IDT foot print 

and smaller delay region, which resulted in a proportional reduction of the power demand. 

In addition, the rounded corner design of the IDTs in Chip 3 significantly reduced heating 

of the substrate while continuously powering the chip over 120 seconds (Figure 2-2). It 

should be noted that a typical experiment with spotting and nebulization of 10 droplets 

takes between 90 – 120 seconds. During this time, the chip’s temperature was observed to 
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increase by 3, 10, and 20 K for Chips 3, 2, and 1, respectively. As observed in our 

experiments, the quality of the plume generated in the delay region of the SAWN chip 

diminished when the surface temperature of the chip increased too fast. This fast 

temperature increase is thought to lead to poor sample transfer (i.e., sample bubbling 

versus nebulizing) and lower quality in the acquired mass spectral data. Recent studies 

have shown that the SAW velocities and a corresponding change in the SAW frequency 

depend on the substrate temperature
172,173

. The reduced heating profile of the smaller 

SAWN chips used in this study (i.e., Chips 2 and 3) was expected to show better 

analytical performance compared to the wider and longer SAWN chip design (i.e., Chip 

1). For MS analysis in this study, the SAWN frequency was fixed at 9.86 MHz based on 

the substrate properties and the IDT design.  

SAWN-MS Limit of Detection for Commercially Available Standard MPL 

The LOD of lipid A was characterized with a commercially available and purified 

monophosphorylated lipid A standard known as MPL to establish optimized experimental 

parameters for the subsequent LOD study of SAWN. The experiments with all three 

SAWN chips showed successful nebulization of the lipid A samples within a few seconds. 

Singly charged MPL ions were observed with the mass spectrometer in negative ion 

mode (Figure 2-4a). Importantly, the data acquisition from each dilution series was 

completed within 2 minutes. We investigated samples with concentrations ranging from 

0.050 to 50 μM, correlating to amount from 0.050 to 50 pmol of lipid A pipetted on chip. 

All three chips showed a similar trend of higher ion intensities with increasing sample 

amount pipetted on chip (Figure 2-4b).  
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We found that sample transfer with Chip 3 resulted in higher ion intensities when 

the deposited sample amount was higher than 0.50 pmol, compared to the other two 

SAWN chips tested. This result is in good agreement with similar measurements using 

small peptides such as leucine-enkephalin (data not shown). All three SAWN chips 

showed a broad linear proportion of the sample amount-intensity plot over more than two 

orders of magnitude (R
2
 ≥ 0.980, inset in Figure 2-4b). These results indicate the 

potential use of the SAWN-MS method for lipid A quantification. The LOD for lipid A 

detection was determined based on objective calculation of SNR. This was done by 

estimating the noise level based on the relative ion intensity at m/z 1744 ± 10 by three 

different statistical measurements, including i) SD, ii) sum of average noise and SD, and 

iii) RMS of the noise. We noted that with most MS measurements the noise level 

detected was the result of a combination of electronic and chemical noise; i.e., impurities 

in MPL standard and other unidentified compounds in the solvent matrix.  

The ion intensities measured for all sample amounts pipetted on chip showed 

SNR values that were  3 when the SD of the noise was used as a reference for 

calculations (Figure 2-6a). However, at the lowest amount of 0.050 pmol, the lipid A ion 

was barely observed at the expected m/z channel while the SNR values were ≥ 3. Thus, 

the method using SD to represent noise level was not considered accurate in this case. 

Using a more conservative approach that based the SNR on the sum of average noise 

level and the SD of the measurement, the LOD was found to be 1,250 fmol of lipid A on 

chip for SAWN Chips 1 and 2, and 250 fmol for Chip 3 (Figure 2-6b and Table 2-2). 

We also carried out SNR calculations on the RMS of the noise and found the LOD for 

MPL to be 500 fmol for Chip 1 and 2, and 125 fmol for Chip 3 (Figure 2-6c and Table 
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2-2). Interestingly, Chip 3 showed significantly lower LOD values in all SNR methods 

applied when compared to Chip 1 and 2. Specifically, the LOD of Chip 3 was 4-times 

lower than Chips 1 and 2. This result may be attributed to i) the differences in the chip 

heating during SAWN and/or ii) the much narrower design of the IDTs in Chip 3, which 

had improved transfer of the nebulized sample plume to the source inlet due to a reduced 

lateral distance between the delay region and the source inlet of the MS. It is noteworthy 

that the electrical power consumption of Chip 1 was the highest per IDT (i.e., 7.95 W), 

while Chips 2 and 3 required lower power to obtain better results (i.e., 6.00 W and 6.75 

W, respectively). Overall, our study showed a substantial improvement in the LOD of 

lipid A with the narrower SAWN chip (Chip 3) compared to the wider SAWN chip 

designs (Chips 1 and 2). 

 

Figure 2-4. Analytical performance of three SAWN chips. (a) Example of a SAWN 

mass spectrum of MPL acquired with Chip 3 (see Figure 2-5 for other two chips’ MS 

spectra). The mass spectrum shows the deprotonated ion of lipid A (m/z 1744) acquired 

in negative ion mode. (b) Changes in ion intensity with increasing sample amount 

deposited on chip. The inset shows a close-up of the dynamic range (0.5 to 50 pmol of 

the absolute amount plot with results from linear regression analysis. Reprinted by 

permission from Elsevier: International Journal of Mass Spectrometry
99

, Copyright 2017. 
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Figure 2-5. Monophosphoryl lipid A MS1 spectra of SAWN Chips 1 (a) and 2 (b) 

when 50 pmol lipid A deposited on the chip. Reprinted by permission from Elsevier: 

International Journal of Mass Spectrometry
99

, Copyright 2017. 

 

Figure 2-6. SNR of MPL in the study with three SAWN chips using three different 

methods to estimate noise: (a) by SD, (b) by the sum of average noise and SD, and (c) by 

RMS. An acceptable LOD for each chip is highlighted by red arrows. Reprinted by 

permission from Elsevier: International Journal of Mass Spectrometry
99

, Copyright 2017. 

 

Table 2-2. Summary of MPLA and F. novicida lipid A LODs determined by three 

different methods of SNR calculation. 

SAWN 

Chip 

SNR (I/N SD) SNR (I/N Mean+SD) SNR (I/N RMS) 

MPL 

(fmol) 

F. novicida 

lipid A 

(CFU) 

MPL 

(fmol) 

F. novicida 

lipid A 

(CFU) 

MPL 

(fmol) 

F. novicida 

lipid A 

(CFU) 

Chip 1 50 3.6 x 10
3
 1250 1.8 x 10

5
 500 9.0 x 10

4
 

Chip 2 50 3.6 x 10
3
 1250 1.8 x 10

5
 500 9.0 x 10

4
 

Chip 3 50 3.6 x 10
3
 250 1.8 x 10

5
 125 9.0 x 10

4
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SAWN-MS Limit of Detection for Lipid A Extracted From Francisella novicida 

Lipid A obtained through ammonium isobutyrate lipid extraction from a culture 

of F. novicida grown at 37C was found to be impure when compared to the highly 

purified and commercially available MPL; i.e., samples were extracted from complex 

matrix that contained many components. This difference in purity between the two lipid 

A samples used in our study was expected. We anticipated that the purity differences 

would affect the LOD calculations for studies with the three different SAWN chip 

designs. After noting that no ions from F. novicida lipid A were detected in the m/z 

channel where MPL ions were expected, MPL was used as an internal standard in all 

measurements by addition to F. novicida extracts at a final concentration of 5 μM. This 

allowed the intensity of lipid A in the extracts from F. novicida to be normalized to the 

intensity of MPL.  

The lipid A structures from F. novicida are well resolved by ESI and SAWN 

based on previous reports
110,111,174

. In this study we assigned F. novicida lipid A to ions at 

m/z 1637 and 1665. Figure 2-7a shows the mass spectrum for F. novicida lipid A spiked 

with MPL using SAWN Chip 3. The combined data from all three chips (Figure 2-7b 

and c) indicates a broad linear response in the sample amount-intensity plot with three 

orders of magnitude dynamic range. Serial dilution studies conducted with Chips 1 and 2 

show a linear correlation in the sample amount-intensity plot from 9.0x 10
4
 CFU to 3.6 x 

10
7
 CFU. In comparison, the results of studies with Chip 3 were similar, albeit with lower 

R
2
 in the linear regression analysis; i.e., R

2
 of 0.885 versus 0.982, and 0.968 for Chips 1 

and 2, respectively (Figure 2-7b). The linear correlation was further improved by 
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normalizing the ion intensity from expected ions of F. novicida extracts and the internal 

MPL standard (Figure 2-7c). 

 

 
Figure 2-7. Lipid A mass spectra of Chip 3 and dynamic range characterization of 

three SAWN chip designs.  (a) Example of SAWN mass spectrum of lipid A from F. 

novicida acquired with Chip 3 (see Figure 2-8 for other two chips’ mass spectra). The 

mass spectrum shows the deprotonated ions of lipid A from F. novicida with base peak at 

m/z 1665 and from the internal standard MPL at m/z 1744 detected in negative ion mode. 

Changes in ion intensity with increasing sample amount for the three different SAWN 

chips tested showing (b) the dynamic range of the measurement for lipid A from F. 

novicida and normalized to the internal standard MPL (c). Reprinted by permission from 

Elsevier: International Journal of Mass Spectrometry
99

, Copyright 2017. 

 

Figure 2-8. F. novicida lipid A (m/z 1665) MS1 spectra of SAWN chip 1 (a) and 2 (b) 
at the amount of 9 x 10

6
 CFU on chip with spiked MPL (m/z 1744). Francisella novicida 

spectrum without MPLA spiking is shown in (c). The zoom in mass range of m/z 1720 – 
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1760 is shown in (d). No MPL signal is observed at the channel of m/z 1744. Reprinted 

by permission from Elsevier: International Journal of Mass Spectrometry
99

, Copyright 

2017. 

The SNR values were then calculated based on the three different statistical 

methods described above. We found that the SNR was  3 for all tested sample amounts 

(Figure 2-9a) when only the SD of the noise was used. The conservative SNR estimation 

based on the sum of average noise and its SD showed a higher LOD of 1.8 x 10
5
 CFU 

(Figure 2-9b). In contrast, the LOD was found to be 9.0 x 10
4
 CFU for all three chips 

(Figure 2-9c) when the RMS of the noise was used for calculating the SNR. All SAWN-

MS studies with the three different chip designs showed successful detection of lipid A in 

samples extracted from fewer than 1.0 x 10
6
 CFU, a typical number of cells in a single 

colony after overnight culture
175

. The LOD estimated for the three designs was 9.0 x 10
4
 

CFU, which translated to be one order of magnitude lower (1.0 x 10
6
 CFU) than what 

would be expected from a single colony produced by overnight culture. This result 

showed that our SAWN-MS method is capable of detecting lipid A from a single colony. 

 

Figure 2-9. SNR of F. novicida extracts in the study with three SAWN chips using 

three different methods for noise estimation: (a) by SD, (b) based on the sum of 

average noise and SD, and (c) based on RMS of the noise. The LOD for each chip is 

highlighted by red arrows. Reprinted by permission from Elsevier: International Journal 

of Mass Spectrometry
99

, Copyright 2017. 
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Comparison of Relative Ion Intensities for Different SAWN-MS Studies 

To further characterize the performance of SAWN-MS, we compared lipid A ion 

intensities from studies with MPL and F. novicida. Three concentrations were selected, 

representing a low, medium, and high sample amount. Figure 2-10a shows results from 

comparisons of relative ion intensities between the three different SAWN designs. 

Studies with SAWN Chip 3 resulted in significantly better relative ion intensities (p < 

0.001) at low and medium sample amount of MPL when compared to studies with Chips 

1 and 2 (Figure 2-10a). The ion intensities obtained with Chips 1 and 2 were similar and 

lower than those obtained with Chip 3. At the highest sample amount, it was found that 

relative ion intensities generated from studies with Chips 2 and 3 were significantly better 

than those from Chip 1 (p < 0.001). The similarities in ion intensities between Chips 2 

and 3 at the highest sample amount are thought to be due to saturation effects at 50 M 

sample concentrations that may impact sample nebulization and the detection of ions in 

the mass spectrometer; i.e., ion suppression. Figure 2-10a shows a one-way ANOVA 

statistical analysis (95% confidence level) of the relative ion intensities from the three 

chips. 

We observed a similar trend in the differences in relative ion intensities for the 

three chips in the SAWN-MS study with F. novicida. The SAWN-MS results from 

studies with Chip 3 showed significantly higher ion intensities for low, medium, and high 

sample amount when compared to studies with Chips 1 and 2 (p<0.001, Figure 2-10b). 

No significant difference was observed in data between Chips 1 and 2 at the medium and 

high sample amount. At the LOD corresponding to 9.0 x 10
4
 CFU determined from the 

RMS method, results from studies with Chips 2 and 3 showed significantly better ion 
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intensities when compared to those with Chip 1. Taken together, this study showed that 

this refined design (Chip 3) could generate significantly better ion intensities for lipid A 

from MPL and F. novicida extracts when compared to the other two designs (Chips 1 and 

2). 

 

Figure 2-10. Comparison of relative ion intensities in SAWN-MS studies with lipid 

A from (a) MPL and (b) F. novicida extracts for three different sample amount deposited 

on chip. Shown are the relative ion intensities at m/z 1744 for (a) MPL and m/z 1665 for 

(b) F. novicida extracts at low, medium, and high sample amount. Data are presented as 

mean intensities ± SD (n = 3, same cells, same extraction) with one-way ANOVA (** 

significant at p<0.01; ***, p<0.001). Reprinted by permission from Elsevier: 

International Journal of Mass Spectrometry
99

, Copyright 2017. 

 

Dot Product Analysis of ESKAPE Pathogen Mass Spectra 

To demonstrate the feasibility of SAWN-generated lipid A mass spectra to 

distinguish between select bacterial species, we compared data from five Gram-negative 

species and the MPL standard. Despite SAWN mass spectra producing lower SNR than 

their MALDI counterparts (see Figure 2-11), we were able to distinguish the six lipid A 

samples based on their mass spectra. All six sets of selected m/z values (SNR ≥ 3) from 

each mass spectrum were compared by pairwise dot product analysis. The results of this 
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analysis, which provided a normalized score between 0 (no match) and 1 (identical 

match), are shown as a heat map in Figure 2-12 with individual scores inserted into each 

cell. We used a dot product of 0.9 as a threshold to differentiate highly similar spectra 

and similar spectra as this criterion been used in another study
176

. In addition, at the other 

end of the scale a dot product similarity lower than 0.7 was used to differentiate similar 

mass spectra from not similar mass spectra. The heat map clearly demonstrates that the 

six lipid A samples can be distinguished based on their SAWN mass spectra. 

 

Figure 2-11. Mass spectra of SAWN and ESI for Gram-negative bacteria. Each 

bacterial species SAWN and MALDI mass spectra is shown above in each panel, a), b), 

c), and d). All lipid A signature ions identified from MALDI mass spectra were observed 

in SAWN mass spectra. Each lipid A ion is labeled with “” in the figure. Doubly 

charged ions (i.e., m/z 985.0 from Klebsiella pneumoniae and m/z 911.6 from 

Enterobacter cloacae) that are unique in SAWN spectra are labeled with “”. 
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Figure 2-12. Dot product comparison of lipid A mass spectra for four Gram-

negative species in the ESKAPE pathogens series as well as for F.novicida and MPL. 
The resulting similarity score is shown as a numerical value in each cell of the heat map 

indicating the degree of similarity between each paired ion list. A similarity score 0.0 

(white cell) indicates there is no match. As expected, each mass spectrum is identical to 

itself as indicated by the blue cells where the similarity score is 1.0. Reprinted by 

permission from Elsevier: International Journal of Mass Spectrometry
99

, Copyright 2017. 

 

Conclusions 

In this study, we investigated the impact of varying SAWN chip design on the 

LOD of lipid A from highly purified MPL and extracted from F. novicida colonies. Three 

different chip designs were tested with Chip 3 producing the best LOD, which is likely 

related to the fact that it had the i) lowest thermal load during use, and ii) narrowest IDT 

design that allowed it to be pipetted closer to the MS orifice than Chips 1 and 2 thus 

facilitating better transfer of the plume into the instrument. We also used three different 
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methods to objectively calculate the SNR to define an LOD for lipid A by SAWN-MS. 

From these comparisons, the RMS method was found to provide the most objective 

measure that most closely matched what we observed from manual inspection of 

corresponding mass spectra.  

In particular, our study showed that Chip 3 provided the best analytical 

performance and sensitivity of SAWN-MS for lipid A as judged using the RMS method 

to calculate LOD and statistical analysis on lipid A ion intensity. Additionally, the MPL 

study showed that while all three SAWN chip designs resulted in an LOD of MPL on the 

order of a few hundred femtomoles pipetted on chip to produce lipid A ions, this was 

slightly worse than the LOD of conventional ionization methods for ESI and MALDI that 

are 25 and 3 fmol 
68

, respectively (Figure 2-13). However, SAWN-MS has key 

advantages over these methods, including its ease of use as an ambient sample transfer 

method, planar geometry, simple device set up and short experiment time. The LOD 

determined from spiking experiments showed that SAWN could produce lipid A mass 

spectra from a number of bacterial cells equivalent to what would be found in a typical 

single colony
175

, which is approximately 1.0 x 10
6
 CFU. Finally, we showed that SAWN-

MS, like our MALDI-TOF-MS process
115

, could be used to uniquely distinguish all six of 

the lipid A samples from each other, which provides promise for using this approach in 

bacterial phenotyping. 
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Figure 2-13. Lipid A LOD determined by ESI. For ESI LOD study, the instrumental 

settings were used the same as SAWN. The ESI LOD result has shown that MPL signal 

(m/z 1744) was observed at the concentration of 25 nM (equivalent to 25 fmol for 1 µL 

sample) with the signal-to-noise ratio (SNR) larger than 3. Reprinted by permission from 

Elsevier: International Journal of Mass Spectrometry
99

, Copyright 2017. 
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 : Rapid microbial identification and antibiotic resistance Chapter Three

detection by mass spectrometric analysis of membrane lipids 

Introduction 

The worldwide threat of infectious diseases continues to drive development of 

novel diagnostics and therapeutics. Rapid and accurate diagnosis of microbial infections 

enables clinicians to quickly initiate targeted antimicrobial chemotherapy to reduce 

patient morbidity and mortality. Classical identification methods in clinical settings rely 

on bacterial culture, followed by microscopic examination and biochemical testing
73,177

. 

This can take a significant amount of time, usually days to even weeks depending on the 

microorganism’s growth rate. Although recent PCR-based and genome sequencing 

technologies have transformed the field of microbial diagnosis, these techniques suffer 

from limitations of long processing time, high false positive rate, heavy informatics 

burden, and high cost
73,178,179

. Currently, mass spectrometric platforms targeting 

microbial products represent a burgeoning technology that simplifies the clinical 

workflow and reduces time and cost over conventional methodologies
180

. Matrix-assisted 

laser desorption/ionization time-of-flight MS (MALDI-TOF MS) platforms currently 

play a central role as a clinical diagnostic
180,181

; two of which have been approved for a 

limited number of microorganisms by the USA’s Food and Drug Administration (FDA): 

the VITEK MS (bioMérieux S.A., France)
182

 and the MALDI Biotyper (Bruker Daltonics, 

Billerica, MA, USA)
183

. Both platforms utilize a strategy of generating protein mass 

spectral profiles of an unknown sample that is compared against all mass spectra in a 

reference library for bacterial identification
184

. However, these protein-based platforms 

have significant limitations, including: requirement for cell culture to obtain pure 
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colonies, poor identification at the species level for closely related species, inability to 

identify pathogens directly from biofluids, and difficulty in differentiating antimicrobial-

resistant strains. To overcome these limitations, Leung et al. reported a novel and 

complementary approach that employs essential bacterial membrane lipids for 

identification
98

. They demonstrated that bacterial glycolipids showed species-specific 

characteristics, which could be used as a chemical barcode when analyzed by MS in 

much the same way that the protein-based platforms are used to identify bacteria
98

. Their 

reported lipid library contained fifty entries including the clinically important ESKAPE 

pathogens (Enterococcus faecium, Staphylococcus aureus, Klebsiella pneumoniae, 

Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter spp.). 

Complex and diverse lipids are a major component of bacterial membranes. For 

example, in Gram-positive bacteria, the cell envelope consists of complex multi-layers of 

peptidoglycan enclosing a single membrane, a bilayer of lipids including cardiolipin and 

lipoteichoic acid (LTA)
185

. The general structure of LTA varies between species 

consisting of two or four acyl groups with different carbon chain lengths
101

 and can be 

variably modified with alanine or glycosyl linkages depending on bacterial background. 

In contrast, Gram-negative bacteria have two membranes, one inner and one outer with a 

single layer of peptidoglycan in between
185

. Lipid A, a unique constituent of the Gram-

negative bacterial membrane, is the hydrophobic anchor of lipopolysaccharide (LPS), 

which forms the majority of the outer leaflet of the outer membrane. Structurally, lipid A 

is comprised of a β-1’,6-linked diglucosamine backbone, flanked by phosphate moieties 

on terminal positions with four to seven attached fatty acyl chains. The variations of fatty 

acid composition and terminal phosphate modifications result in lipid A molecules being 
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highly diverse across species
186

. In fungi, the cell wall is mainly composed of 

polysaccharides, whereas the plasma membrane contains a high fraction of extractable 

lipids, including sterols, sphingolipids, and glycerophospholipids. Like bacterial cell 

walls, fungal cell wall composition is a dynamic system that is unique for individual 

fungal species and subspecies, providing numerous species-specific lipid barcodes
100

.  

Efficient extraction of membrane lipids is important to obtain high-quality 

microbial lipid MS profiles. Leung et al.
98

 used a method originally developed by El 

Hamidi et al.
116

, which is a microextraction protocol involving a single-step ammonium 

isobutyrate (AI) reaction at high temperature. Although this method is efficient, it 

requires a lyophilization step prior to obtaining MS results, which significantly increases 

the total processing time. In addition, the use of noxious chemicals requiring a fume hood 

and multiple centrifugation steps limit its use in a clinical laboratory or hospital. 

 To address the limitations of this and other available methods
187–192

, we present 

here a novel and clinic-friendly lipid extraction protocol that reduces the time from 

sample collection to identification to less than an hour. For this method, sodium acetate 

(SA) lysis buffer is used to release lipids from microbial membranes followed by a single 

purification step without lyophilization. A design of experiments (DOE) process was 

performed to optimize the new, rapid SA method for lipid extraction. In order to be 

useful clinically, the new method had to preserve the ability of the Leung et al. developed 

lipid-based library
98

 to detect antibiotic resistance and to identify microbes from 

biological fluids without need for culture. Thus, to evaluate our new rapid SA extraction 

method, we analyzed clinically relevant ESKAPE pathogens, colistin-resistant ESKAPE 

pathogens expressing the mcr-1 gene in trans, and other bacterial and fungal species that 
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are commonly identified in nosocomial infections for their ability to readily acquire 

antibiotic resistance
193

. Specifically, the plasmid-mediated mcr-1 gene encodes a PEtN 

transferase that modifies the lipid A with a PEtN moiety addition on terminal phosphate 

group
194

. Besides PEtN attachment, aminoarabinose (AraN) and galactosamine 

modifications to lipid A also associated with colistin resistance, carrying the risk of 

horizontal transfer and rapid worldwide spread
195

. Finally, clinical diagnosis would 

significantly benefit by removal of the need to culture organisms from patient specimens 

prior to pathogen identification. In this study, we examined the utility of our rapid SA 

method by direct detection of pathogens in biofluids, such as urine. This new, rapid SA 

method for extraction and identification not only detected antibiotic-resistant strains, but 

also successfully analyzed mono- and poly-microbial urine samples without culture. 

Materials and Methods 

Bacterial strains.  

Clinically relevant bacterial strains were selected for this study. Specifically, the 

ESKAPE pathogens and corresponding mcr-1 expressing strains with the addition of 

intrinsically colistin-resistant species, Serratia marcescens, Morganella morganii, and 

Proteus mirabilis were analyzed. Furthermore, Urinary Tract Infections (UTIs)-

associated pathogens including Gram-negative bacteria (E. coli, K. pneumoniae, P. 

aeruginosa, and P. mirabilis), Gram-positive bacteria (S. aureus), and fungi (Candida 

albicans) were tested. Strain identities were determined by culture-based phenotyping 

and confirmed by protein phenotyping via the Bruker MALDI Biotyper. Clinical isolates 

of E. coli, K. pneumoniae, P. aeruginosa, S. aureus, and C. albicans collected from UTI 

patients were identified by conventional culture-based phenotyping and confirmed by the 
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MALDI Biotyper and obtained from Dr. Yohei Doi at the University of Pittsburgh 

Medical Center. A complete list of species and strains are included in Appendix A1 and 

A2. All bacterial species were grown in Lysogenic broth (LB) overnight with shaking 

after inoculation from agar plates. All mcr-1 containing species were cultured in LB 

media with 50 µg/mL gentamicin to maintain the plasmid expressing mcr-1 gene. 

Reagents and materials.  

Commercially available monophosphoryl lipid A (MPLA; #699800 Avanti Polar 

Lipids, Inc., Alabaster, AL, USA) was used as an internal standard for Design of 

Experiment (DOE) study. A stock solution of MPLA was prepared in a 1:2, v/v mixture 

of methanol/chloroform at a concentration of 1 mg/mL. SA buffer was prepared by 

dissolving in endotoxin-free water to give 100 mM. The pH was adjusted by adding 

acetic acid and checked by a pH meter. 

Lipids microextraction from cells using SA method.  

Overnight cell cultures (1 mL) were harvested and resuspended in 400 µL of 100 

mM SA buffer (pH 4.0) and incubated for 10 to 30 minutes at 100ºC. Samples were 

vortexed every 5-10 minutes. After incubation, samples were cooled on ice to room 

temperature and centrifuged at 8,000 × g for 5 minutes. Supernatants were discarded and 

pellets were washed with 1 mL 95% ethanol. Insoluble lipids were extracted and 

reconstituted in 50-100 µL chloroform/methanol/water (12:6:1, v/v/v) mixtures and 

centrifuged at 5,000 × g for 5 minutes. Aliquots of 0.75 µL of the supernatant were 

spotted onto a MALDI stainless steel target plate with 0.75 µL pre-spotted 10 mg/mL 

norharmane dissolved in chloroform/methanol/water mixture (v/v/v 12:6:1) for MS 
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analysis. In the DOE study, MPLA was spiked into extracts as an internal standard at a 

final concentration of 20 µg/mL. 

Lipids microextraction from cells using El Hamidi method.  

The original protocol was described in detail by EI Hamidi et al.
116

. Briefly, 

bacterial pellets were treated with 400 µL of a mixture of 70% isobutyric acid/1 M 

ammonium hydroxide (5:3, v/v) and incubated at 100°C for 1 hour. Reaction mixtures 

were spun down at 2,000 × g for 15 minutes, and supernatants were transferred to clean 

tubes, combined with a 1:1 ratio of distilled water, frozen, and lyophilized overnight. The 

lyophilized residues containing lipids of interest were washed twice with 1 mL methanol 

and then resuspended in 50-100 μL chloroform/methanol/water (12:6:1, v/v/v) solvent 

mixture for MALDI-TOF MS analyses. 

MALDI-TOF MS data acquisition.  

Mass spectra were recorded in negative ion mode using a Bruker Microflex LRF 

MALDI-TOF MS (Bruker Daltonics Inc.) operated in the reflectron mode. For SA 

method, each mass spectrum was acquired at 72% laser power with 900 shots summed 

per spectrum. Each sample was acquired in triplicate for further statistical analyses. El 

Hamidi et al. method mass spectra were acquired in the similar manner as the SA method. 

Typically, 900–1000 laser shots were summed to acquire each mass spectrum
98

. 

DOE data analysis.  

E.coli strains expressing mcr-1 were used for method optimization
195

. Two factors 

with multiple levels: incubation time (10, 20, 30, 60, and 120 minutes) and pH (3.0, 3.5, 

4.0, and 4.5) were considered as key parameters for optimization using a DOE approach. 
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The lipid A ion intensity ratios were calculated by referencing intensities of bacterial 

lipid A signature ions to the spiked MPLA ion intensity. Specifically, each lipid A ion 

intensity including fragment ions was normalized to the MPLA ion intensity and 

calculated using the Equation I as follows. The ratios were then used as y output for 

DOE analysis. Minitab 17 (Minitab Inc., State College, PA, USA) DOE function was 

used to quantitatively compare ratios across combinatorial tested conditions. The optimal 

condition was determined by the DOE results. 

Lipid A ion ratio =
∑(lipid A ions)int.− ∑(lipid A fragment ions)int.

MPL ionint.
                             Equation 1 

Monomicrobial and polymicrobial UTI model analyses.  

Sterile urine was purchased from LEE Biosolutions Inc. (Maryland Heights, MO, 

USA). Commonly identified UTI bacterial pathogens were selected and cultured in 5 mL 

LB broth. After overnight culture in LB, bacterial cell counts were measured by 

enumeration and expressed as colony forming units (CFU). One mL of liquid culture 

(10
8-9

 CFU) was seeded into 9 mL of pre-warmed (37°C) sterile urine to mimic an 

infection condition, and spiked urine samples were directly processed using the SA 

method without further culture. For polymicrobial mixtures, individual isolates were 

spiked into sterile urine after growth in monoculture in LB. Specifically, S. aureus, P. 

aeruginosa, and K. pneumoniae were selected for the uncomplicated UTI model, while C. 

albicans, E. coli, and K. pneumoniae were mixed together to mimic a complicated UTI. 

The SA method was employed to directly process bacterial pellets. 
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Statistical analysis.  

MALDI mass spectra were imported and processed using the MALDIquant 

(v1.16.4) and MALDIquantForeign (v0.11) R packages
196

 in R (v3.4.2). Each mass 

spectrum was square root transformed and smoothed with 41 point Savitzky-Golay 

filter
197

. Mass spectra were baseline removed using the Statistics-sensitive Non-linear 

Iterative Peak-clipping algorithm
198

 over 100 iterations and then aligned. Lipids were 

detected by selecting m/z ions with signal-to-noise (S/N) ratios greater than 8, with noise 

calculated by the median absolute deviation and binning matching mass ions between 

spectra using a 0.5 m/z tolerance. For heat map comparison and correlation analysis, a 

Pearson’s correlation coefficient was calculated from pairwise vectors created from a 

mass list of ions from each mass spectrum. All scripts used for this analysis are freely 

available and can be found in the following GitHub repository: https://github.com/Tao-

Liang-UMB/Rapid-Extraction-Project. 

MALDI Biotyper analysis.  

First, the MALDI OC Biotyper software was used to construct custom urine lipid 

library. Mass spectra were filtered using the filterSpectra.R script 

(https://github.com/wfondrie/ESKAPE_Glycolipid_MS/R/filterSpectra.R) to reject low-

quality mass spectra (suboptimal numbers of ions or low signal-to-noise ratios) from 

inclusion in the library. Mass spectra were loaded into the Biotyper OC software; 

parameters were adjusted to recognize lipid mass spectra (by lowering the mass range 

and peak picking thresholds). A Main SPectra (MSP) was created for each species that 

includes peak positions, intensities and frequencies based on multiple replicates per 

https://github.com/wfondrie/ESKAPE_Glycolipid_MS
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species
98

.  A full list of species and strains that were isolated from UTI patients for urine 

library construction are included in Appendix A2. 

Second, mass spectra generated by the SA method were loaded into the Biotyper 

OC software for identification. The urine library was used as a reference database for 

spectra matching. SA method mass spectra were processed by MALDI Biotyper for peak 

picking and generating a mass list for further database comparison. The software then 

computes log scores and generates a list of potential identifications with log score values 

sorted from high to low. To interpret the identification results, we followed the criteria 

indicated in the Biotyper user manual (2.00 to 3.00 consider as positive identification; 

1.70 to 1.99 consider as probable identification; 0 to 1.69 consider as unreliable 

identification). 

Results and Discussion 

Like ribosomal proteins used in the existing MALDI diagnostic platforms, 

microbial membrane lipids are highly abundant and can be readily extracted from 

membranes
98

. Here we report results of using a DOE process to drastically shorten 

extraction time from sample to identification from a working day to less than an hour and 

in some cases no more then thirty minutes making our lipid-based identification method 

clinically viable.  

Rapid SA method optimization.  

Our main goal was to devise a rapid extraction method with minimal experimental 

steps that maintained the high quality of lipid mass spectra produced previously
98

 while 

shortening time from extraction to identification. During DOE optimization, two modules 

were designated for optimization: (i) a purification module focused on selecting the most 
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efficient wash solvent to remove cellular debris and unwanted molecules, and (ii) an 

incubation module focused on optimizing use of SA buffer pH and incubation time. The 

choice of SA buffer was because, unlike the method used by Leung et al. that used 

ammonium isobutyrate, it was not noxious making it clinically friendly 

Screening of purification solvents. In typical lipid extraction methods, sodium 

dodecyl sulfate (SDS) is used to facilitate the release of lipids from bacterial membranes. 

However, the use of detergents, including SDS, reduces mass spectral quality often 

requiring additional steps to remove the detergent. To develop a detergent-free method, 

we initially screened eight commonly used solvents/mixtures for extracts purification. To 

allow us to quantitatively compare the purification efficiency, a synthetically 

monophosphorylated lipid A (MPL) was added as an internal standard after the 

purification step. Extraction efficiency was calculated as the ratio of a lipid A ion signal 

normalized to that of MPL standard. As shown Figure 3-1 the ratio of lipid A ions from 

each of the tested solvents were significantly higher than the no wash sample including: 

95% ethanol, 95% methanol, and 1:3 (v/v) chloroform/methanol. Among these solvents, 

95% ethanol gave the highest ratios of lipid A ions compared to the ‘no wash’ condition. 

While the washes with 95% methanol and the 1:3 (v/v) mixture of chloroform:methanol 

showed statistically significant in yield improvement, the 95% ethanol wash improved 

yield most significantly. Thus, 95% ethanol was chosen as the purification solvent for the 

SA method. 
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Figure 3-1. Screening of purification solvents for lipid A extraction. Mcr-1-

containing E.coli was used for lipid A extractions. Signature lipid A ions observed at m/z 

1716, 1796, 1839, and 1919 were summed. To examine whether the solvents wash out 

the debris and other lipids, dominant peaks observed in mass range m/z 1300-1400 were 

normalized to MPL and subtracted from summed lipid A ions’ ratio. Data are presented 

as mean ± SD (n = 3) with one-way ANOVA, Tukey’s Multiple Comparison (** 

significant at p<0.01; *** significant at p<0.001; ns: not significant).  

 

Determination of optimal incubation condition using DOE. To determine optimal 

extraction conditions, a colistin resistant strain of E. coli, via in trans expression of the 

mcr-1-gene was used as the model strain to insure colistin resistant signature ions (i.e. 

those with PEtN modified lipid A) were not lost during extraction. Two key parameters 

were selected for optimization: SA buffer pH and incubation time. In total, four pH 

conditions (3.0, 3.5, 4.0, and 4.5) and five incubation times (10, 20, 30, 60, and 120 

minutes) were selected and analyzed using a general 4 x 5 full factorial design. With 

biological triplicates, a total of 60 discrete experiments were performed. Each biological 

replicate (20 runs) was grouped in the general full factorial design for statistical analysis. 
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In order to quantitatively track changes, E. coli lipid A ions were normalized to signal 

from the standard MPLA added to each sample after extraction. Ratios of each extraction 

condition, as calculated using Equation 1, were imported into Minitab software for DOE 

analysis. The DOE results (Figure 3-2) show that multiple extraction conditions (pH 4.0, 

30 min; pH 4.5, 60 min; and pH 4.0, 4.5, 120 min) fall in the darkest red region, where 

the lipid A ion ratios are in the range of 3.0 to 4.0. 

 

Figure 3-2. DOE results of lipid A ions ratio vs pH, and time. Plot reveals optimal 

condition for extraction. Each black point indicates a mean (n = 3) of output response 

from each extraction condition. Darker red regions indicate higher ratios of lipid A ions.  

In the E. coli mass spectra obtained from various incubation times, ions at m/z 

1716 and 1839 were assigned as fragment ions due to the loss of a phosphate group (∆ 

m/z = 80) from precursor ions m/z 1796 and 1919, respectively
195

 (Figure 3-3). The ion at 

m/z 1919 was determined as PEtN modified E. coli lipid A ion at m/z 1796, due to the 
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mcr-1 gene that is associated with colistin resistance. The calculated lipid A ion ratio 

allowed us to determine a condition that would extract the highest amount of intact lipid 

A molecules while preserving labile moieties such as phosphate and AraN. In this 

analysis, we observed that when more acidic conditions were used (pH 3.0 and 3.5), 

intensities of lipid A fragment ions were increased due to the loss of labile moieties from 

intact lipid A. However, the use of SA buffer at pH 4.0, which falls in the range of mild 

acid
199

 was shown to efficiently liberate lipid A from the bacterial membrane after a 30-

minute incubation and maintain these antibiotic resistance marker ions. While increased 

incubation times did increase the yield of lipid A, we chose pH 4.0 and a 30-minute 

incubation time as the optimal extraction condition for further experiments. Interestingly, 

a 10-minute incubation time at pH 4.0 also generated high quality mass spectra, including 

detection of antibiotic resistance-associated ions (Figure 3-3), suggesting that the overall 

identification time could be reduced further. 
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Figure 3-3. Screening of different incubation times for lipid A extraction. mcr-1-

containing E.coli was used for lipid A extractions with 10-, 20-, and 30-minute 

incubations. The signature lipid A ion observed at m/z 1919 is mcr-1-modified lipid A ion 

corresponding to a m/z 123 addition to the lipid A base structure at m/z 1796. 

Monophosphate mcr-1-modified lipid A ion is detected at m/z 1839.  

 

Rapid SA Method Evaluation 

We next evaluated analytical performance of the SA method to ensure it: i) had 

comparable sensitivity to the El Hamidi-based method, ii) allowed differentiation 

between antimicrobial-susceptible and -resistant strains, and iii) generated mass spectra 

similar to the mass spectra from the El Hamidi-based extraction method on which the 

library of Leung et al. was based
98

. Passing these tests would allow us to use the 

previously reported lipid-based library to analyze SA method generated mass spectra for 

microbial identification.  
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Determination of the limit of detection (LOD). The sensitivity of a method is a 

pivotal analytical figure of merit. We defined the LOD (S/N ratio ≥ 3) using two 

quantitative measurements: lyophilized cell weight and number of CFUs. The sensitivity 

of the SA method was directly compared with the AI method. Figure 3-4 shows mass 

spectra from serially diluted samples. The LOD was found to be 0.82 µg/spot, which 

corresponds to about 50 µg lyophilized cells as starting material for both methods. The 

LOD in this work is consistent with the sensitivity from the original AI method
116

, that 

was in the range of 50 - 100 µg. To determine the CFU required to generate high-quality 

mass spectra, aliquots of liquid cultures were plated and enumerated. Figure 3-5 shows 

the LOD is at 2.3 x 10
6
 CFU deposited on a MALDI spot for both methods. The 10-

minute incubation LOD is 4-fold (9.0 x 10
6
 CFU/spot) higher than the 30-minute 

incubation, which is attributed to fewer lipid A molecules released during the shorter 

reaction period. As in the results shown above, the SA method has comparable sensitivity 

with the AI method. 

 

Figure 3-4. LOD comparison between SA and AI methods by dry cell weight. 
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E.coli mcr-1 strain was used to determine the LOD of both SA and AI extraction methods 

by dry cell weight. Extracted samples were serially diluted and examined by MALDI-

TOF MS. The LOD, defined as S/N ratio > 3.0, was determined at 0.82 µg dry weight per 

MALDI spot. E. coli lipid A ion and associated colistin-resistant ion are labeled at m/z 

1796 and 1919, respective. S/N ratios of m/z 1796 are labeled.  

 

 
Figure 3-5. LOD comparison between SA and AI method by CFUs. E.coli mcr-1 

strain was used to determine the LOD of both SA and AI extraction methods in terms of 

CFUs per mL. Extracted samples were serially diluted, enumerated, and examined by 

MALDI-TOF MS. The LOD was determined at 2.3 x 10
6
 CFU / spot. S/N ratios of m/z 

1796 are labeled.  

 

Rapid SA method allows detection of antimicrobial resistance. As antibiotic 

resistance detection is a critical limitation of current commercial protein-based MALDI-

TOF platform, here we demonstrated the feasibility of using the SA method to overcome 

such failing. To distinguish between colistin-susceptible and -resistant strains, strains 

were selected and grouped according to resistance phenotype as determined by the MIC 

method
98,195

. Four Gram-negative bacteria were examined for the presence of antibiotic-

resistance associated ions. P. aeruginosa mcr-1-containing strains show a unique ion at 

m/z 1569, which is not present in susceptible strains (Figure 3-6a and Figure 3-6c). The 
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mass shift, m/z 1446 to 1569 is the result of a PEtN (Δm/z 123) addition to lipid A. The 

ion at m/z 1489 represents the loss of a phosphate moiety from the m/z 1569 ion species. 

This ion is not observed in susceptible strains and may represent an additional diagnostic 

marker of resistance
98,195

. In addition to the mcr-1 encoded resistance phenotype, we 

examined additional strains (K. pneumoniae and M. morganii) that show resistance 

through the addition of AraN, a five-carbon amino sugar. Figure 3-6b and Figure 3-6d 

shows the modification of lipid A by AraN (Δm/z 131) attached on one of the terminal 

phosphate groups of hexa-actylated K. pneumoniae lipid A (m/z 1824), resulting in the 

modified lipid A structure (inset, m/z 1955). Similarly, Figure 3-7a shows a 

representative mass spectrum from M. morganii with AraN-modified lipid A ions from 

m/z 1796 to 1927. Finally, Figure 3-7b and Figure 3-7c present data showing the 

viability of even a 10-minute incubation time for P. aeruginosa and K. pneumoniae 

antibiotic-resistant and –susceptible, respectively.  
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Figure 3-6. Mass spectra from the SA method with 30-minute incubation for 

colistin-susceptible and -resistant strains of (a) P. aeruginosa and (b) K. pneumoniae.  
(c) The mcr-1 modified lipid A structure (m/z 1569) of P. aeruginosa corresponds to a 

PEtN addition (red highlighted moiety) to the structure at m/z 1446. (d) An AraN addition 

(red highlighted moiety) to K. pneumoniae lipid A structure (m/z 1824)) results in the 

displayed m/z 1955.  

 

Figure 3-7. Mass spectra of colistin-susceptible and resistant species. (a) intrinsically 

colistin-resistant species, Morganella morganii by SA method with 10-minute incubation, 

(b) P. aeruginosa and (c) K. pneumoniae.  

 

SA method mass spectra show high similarity to El Hamidi-based method mass 

spectra. The lipid-based microbial identification library built within the FDA-approved 

MALDI Biotyper platform demonstrated an ability to identify all ESKAPE pathogens
98

. 

We evaluated compatibility of mass spectra generated via the SA method to mass spectra 

in the lipid library
98

 that were generated using the extraction method of El Hamidi et 
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al.
116

 The similarity of mass spectra generated by the two methods was derived using 

Pearson’s correlation, commonly used to compare two acquired mass spectra
200–202

. 

Figure 3-8 shows the Pearson’s correlation between the two methods using the SA 

method at pH 4.0 and 30-minute incubation. This analysis showed that eight out of ten 

strains’ had Pearson’s correlation coefficients higher than 0.6, a value previously shown 

to be considered a ‘strong correlation’
203

. Similar results were obtained after 10- and 20-

minute incubations (Figure 3-9). These results suggest mass spectra generated by the 

new SA method can be used to search against the existing lipid library. 

 

Figure 3-8. Pearson’s correlation analysis of SA and AI methods’ mass spectra for 

differentiation of the ESKAPE pathogens. SA method 30-minute incubation mass 

spectra were compared with the AI method reference mass spectra. Positive correlations 

are displayed in red circles with Pearson’s correlation coefficients labeled, whereas 

negative correlations are represented in blue circles. A coefficient of 0.0 indicates that 

there is no correlation. To understand the strength of correlation, the guide from Evans
203

 

suggested an absolute value of r: 0.20-0.39 as “weak”, 0.40-0.59 as “moderate” 0.60-0.79 
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as “strong” and 0.80-1.0 as “very strong”. The size and color intensity of the circles are 

proportional to the correlation coefficients. Non-statistically significant coefficients of 

circles were removed and left blank. * and ** indicate colistin-resistant strains with PEtN 

and AraN additions to the lipid A, respectively. 

 

 

Figure 3-9. Pearson’s correlation analysis of the ESKAPE pathogens between SA 

method and AI method mass spectra. Mass spectra were acquired and compared by 

calculating a Pearson’s correlation coefficient between mass lists of ions from mass 

spectra at 10 minutes (a) and 20 minutes incubation (b).  

 

SA method mass spectra permit bacterial identification. We further assessed 

functionality of the SA method with additional bacterial and fungal species. For these 

analyses, mass spectra for each strain were compared to themselves and all others using 

Pearson’s correlation. A heat map of representative microbes is presented in Figure 3-10 

including eleven Gram-negative bacteria with corresponding antibiotic-resistant strains, 

three Gram-positive bacteria, and two fungal species. Mass spectra obtained using the SA 

method showed an ability to identify each organism with the highest Pearson’s 

correlation coefficient obtained when compared with themselves (indicated as black 

squares, Figure 3-10). Notably, colistin-susceptible and -resistant strains were clearly 

differentiated as shown using both PEtN-modified lipid A of mcr-1 expressing strains of 

A. baumannii, E. coli, K. pneumoniae, P. aeruginosa, and Cronobacter sakazakii, and the 
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AraN-modified lipid A of K. pneumoniae, M. morganii, P. mirabilis, and S. marcescens. 

To determine if alterations in growth temperature affect ability to positively identify 

organisms through their lipid A signature ions, Francisella novicida and Yersinia pestis 

were grown at 25°C and 37ºC, which mimic insect and mammalian growth conditions, 

respectively. After SA method extraction, these organisms were distinguished from all 

other organisms as growth temperature induced carbon chain length change of fatty acids 

attached to the diglucosamine backbone of lipid A
204,205

. Finally, we also showed that 

eukaryotic fungi (Candida subspecies) are differentiated from each other and all the other 

bacterial species. Similar results were obtained after 10- and 20-minute incubations 

(Figure 3-11). 

 

Figure 3-10. Pearson’s correlation analysis of SA method mass spectra from 30-

minute incubation for species differentiation. Mass spectra were acquired from the 

ESKAPE pathogens, intrinsically colistin-resistant bacteria, and clinically relevant fungi. 

The Pearson’s correlation coefficient is considered as a spectrum similarity score, where 
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1.0 represents an identical match (black squares). White squares represent a score of 0.0 

where there is no correlation. (*) indicate mcr-1 colistin-resistant strains with a PEtN 

addition to lipid A and (**) indicate intrinsically colistin-resistant strains with an AraN-

modified lipid A. Microbial names are color coded in black for Gram-negative bacteria, 

cyan for Gram-positive bacteria and red for fungi.  

 

Figure 3-11. Pearson’s correlation analysis of selected pathogens of SA method mass 

spectra from (a) 10-minutes and (b) 20-minute incubation respectively. 

 

Figure 3-10 and Figure 3-11demonstrates that the SA method can readily extract 

lipid A molecules with modifications associated with colistin resistance within an hour, 

specifically PEtN and AraN modified lipid A, which may have a positive impact in 

overcoming existing FDA-approved platforms in antimicrobial resistance detection. 

Importantly, the SA method showed comparable analytical performance to the El 

Hamidi-based method used by Leung et al. to develop their library in terms of mass 

spectral similarity, indicating that the existing lipid library could be coupled with new, 

faster SA method for bacterial identification. Regarding sensitivity, the limit of detection 

of both methods was determined to be less than 1 µg dry cells or about 10
6
 CFU to 

generate detectable lipid A signals. 
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Bacterial identification direct from urine samples  

We next examined applicability of the SA method for direct identification of 

microorganisms from urine, because current protein-based platforms cannot directly 

identify bacteria from biological fluids without culture. UTIs are one of the most 

common bacterial infections
206

 with over 8 million UTIs reported annually in the United 

States
207

. Gram-positive bacteria, Gram-negative bacteria, and fungi are all causative 

agents of UTIs, and often UTIs are polymicrobial infections
208

. To evaluate the SA 

method, we chose C. albicans, E.coli, K. pneumoniae, P. aeruginosa, and S. aureus all 

known to be prevalent in patients with UTIs
206

.Figure 3-12a-e shows mass spectra for 

each organism produced using the SA method. Membrane lipid signature ions were 

observed from each tested species. For example, C. albicans showed a series of unique 

lipid ions at m/z 1087, 1103, 1423, and 1429 (Figure 3-12a) and a cluster of ions at m/z 

1446, 1462, and 1616 that were assigned to P. aeruginosa (Figure 3-12d). A control 

mass spectrum containing sterile urine alone (Figure 3-12f) demonstrated that there are 

minimal background contaminants that would impede microbial identification within the 

m/z range of interest (m/z 1000-2400). Figure 3-13 shows that the SA method also 

worked for direct urine sample analyses with shorter incubation times. To expand our 

lipid-based library, we used an additional twenty-five organisms previously isolated 

directly from patient urine samples (Appendix A2). For this analysis, we interpreted our 

lipid-based MS results using the Biotyper confidence log score as manufacturer 

recommends for protein-based mass spectra (see MALDI Biotyper Analysis section). 

Mass spectra obtained from C. albicans, E. coli, K. pneumoniae, P. aeruginosa, and S. 
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aureus were correctly identified with log scores > 2.00 (high-confident identification) 

using the DOE optimized SA method (Figure 3-12g).  

 

Table 3-1 provides a full list of MALDI Biotyper log score from other extraction 

conditions, such as 10- and 20-minute incubation. 

 

 

Figure 3-12. Microbial identification directly from spiked urine samples by the 

MALDI Biotyper. Mass spectra (a - f) were generated by SA method extraction with 30-

minute incubation. Signature lipid ions are labeled with m/z values for each species: (a) C. 
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albicans, (b) E. coli, (c) K. pneumoniae, (d) P. aeruginosa, and (e) S. aureus. A sterile 

urine control mass spectrum is shown in (f). The MALDI Biotyper scores were obtained 

by searching mass spectra from the urine samples at each incubation time point (10, 20, 

and 30 minutes) against the lipid urine library constructed in the MALDI Biotyper (g). 

The green dashed line indicates the cutoff threshold for a positive identification. Mean of 

log scores were calculated from triplicate data.  

 

 

Figure 3-13. Mass spectra of SA extracts from urine spiked with UTI pathogens. (a) 

10-minute and (b) 20-minute incubation times.  
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Table 3-1. Biotyper log scores for pathogens spiked into sterile urine. Values listed 

are log scores of corrected assigned species from their identification ranking list. 

Organism 10 min Top Match 20 min Top Match 30 min 
Top 

Match 

C. albicans 
2.57 ± 

0.03 
Yes 

2.55 ± 

0.02 
Yes 

2.53 ± 

0.00 
Yes 

E. coli 
2.66 ± 

0.00 
Yes 

2.74 ± 

0.00 
Yes 

2.75 ± 

0.00 
Yes 

K. 

pneumoniae 

2.00 ± 

0.00 

No 

(P .mirabilis) 

1.86 ± 

0.19 

Partial 

(P. 

mirabilis) 

2.07 ± 

0.00 
Yes 

P. 

aeruginosa 

2.57 ± 

0.05 
Yes 

2.44 ± 

0.00 
Yes 

2.57 ± 

0.05 
Yes 

S. aureus 
2.13 ± 

0.16 
Yes 

2.35 ± 

0.15 
Yes 

2.46 ± 

0.24 
Yes 

 

Here, we have shown that the SA method is also viable for direct identification of 

monomicrobial infectious agents extracted from human urine. Importantly, samples were 

processed without extra steps (e.g. differential centrifugation to remove human cells or 

filtration to remove salts
209,210

). Furthermore, the control mass spectrum generated by 

lipid extraction from urine showed no host lipids presence in the m/z range of interest, 

illustrating potential advantage of the SA method to analyze patient samples directly 

without need for culture to obtain a pure colony required by the protein-based methods.  

Polymicrobial infection analysis from UTI model  

Many UTIs present as polymicrobial infections with more than one pathogen in 

urine
208,211

, which can not be individually identified using the current protein-based MS 

microbial identification platforms
212

. Thus, we next evaluated whether the SA method 

could detect species-specific lipids direct from specimen when multiple microorganisms 

were present in urine. Causative agents frequently isolated in clinical specimens from 
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UTI patients were selected for two types of UTIs: uncomplicated and complicated
206

. 

Clinically, uncomplicated UTIs are classified as infected individuals who are healthy 

with neither structural nor functional abnormalities in their urinary tracts
213

, whereas 

complicated UTI patients have risk factors of a compromised urinary tract or host 

defense
214

. K. pneumoniae, P. aeruginosa and S. aureus were selected for the 

uncomplicated UTI model, while E.coli, K. pneumoniae, and C. albicans were selected to 

construct the complicated UTI model. In this experiment, each pathogen was cultured 

separately and then spiked together into sterile urine and extracted directly using the 

optimized SA method. Figure 3-14a shows the mass spectrum of a polymicrobial sample 

containing S. aureus, P. aeruginosa, and K. pneumoniae. Signature ions were labeled and 

assigned to each organism. For S. aureus, m/z at 1324, 1338, 1352 and 1366 (Figure 

3-14a) were previously reported by Leung et al.
98

. Ions in the mass range of m/z 1400 to 

1600 including ions at m/z 1404, 1446, 1462 and 1616 represent lipid A ions that are 

representative of P. aeruginosa. Signature ions of K. pneumoniae were successfully 

detected in both uncomplicated and complicated UTI models (Figure 3-14a and Figure 

3-14b). In the complicated UTI mass spectrum, an E. coli lipid A signature ion is 

observed at m/z 1796; C. albicans signature ions are detected at m/z 1087, 1103 and 1115 

as well as at m/z 1424 and 1449 (Figure 3-14b). By assigning these signature ions to 

each individual species, we could decipher the complicated mass spectra and identified 

multiple microorganisms from polymicrobial samples. Moreover mass spectra from 

shorter incubation times were also included to demonstrate the capability of rapid 

analysis of polymicrobial samples; specifically, mass spectra from the 10-minute 
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incubation uncomplicated and complicated UTI models are shown in Figure 3-15a and 

Figure 3-15b. 

 

 

Figure 3-14. Mass spectra of polymicrobial samples from complicated and 

uncomplicated UTI models with a 30-minute incubation during extraction.  (a) 

Uncomplicated polymicrobial UTI model with S. aureus, P. aeruginosa and K. 

pneumoniae in sterile urine. (b) Complicated polymicrobial UTI model with C. albicans, 

E. coli and K. pneumoniae spiked in sterile urine. Species-specific lipid ions are assigned 

to each organism, respectively. Corresponding areas of spectra are color highlighted as 

follows: S. aureus (light blue), P. aeruginosa (light yellow), K. pneumoniae (light red), E. 

coli (sky blue) and C. albicans (light green).  
 

 
Figure 3-15. Mass spectra of polymicrobial samples in urine from extractions with 

10-minute incubation. (a) uncomplicated and (b) complicated UTI models, respectively.  
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Conclusions 

The need for rapid and accurate diagnostics that positively impact patient 

outcomes and improve overall public health has never been greater. This work presents a 

rapid microbial lipid extraction method that, when coupled with the previously reported 

MS-based lipid library
98

 allows microorganisms to be identified from mono- or poly-

microbial specimens and direct from urine in under an hour. Importantly, the new 

extraction protocol preserves the enhanced functionality of the lipid platform for 

antibiotic resistance detection, direct biofluids analysis, and polymicrobial identification 

while shortening the time-to-result from days to minutes. This improved platform may be 

a powerful and complementary approach to augment the performance of existing FDA-

approved protein-based commercial systems. 

Finally, we note that the lipid library used here was built inside the Bruker 

MALDI Biotyper software platform using an algorithm specifically designed for protein 

fingerprinting. This makes it less than ideal for analyzing the much more sparsely 

populated lipid ion mass spectra. Notably, while the Bruker MALDI Biotyper software 

performs reasonably well with mass spectra from mono-microbial samples, it generally 

fails when confronted with poly-microbial data. Here we have interpreted poly-microbial 

data manually by denoting the presence of organism specific signature ions. To address 

this concern, we are exploring the suitability of machine learning to improve the 

algorithm for identification of each individual species in polymicrobial samples
215

. 
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 : Modeling Septic Shock via Longitudinal Serum Chapter Four

Proteomics 

Introduction 

Sepsis, the major cause of death worldwide, is a life-threatening condition with 

deaths outnumbering those from prostate cancer, breast cancer, and AIDS, combined 

each year 
216

. This condition is the result of dissemination of pathogens in the blood that 

results in a cytokine storm, which if not controlled can result in multiple organ 

dysfunction and death
217

. A healthy immune system, which typically intervenes in the 

case of a blood-borne infection, creates uncontrolled inflammation for patients due to 

excessive bacterial endotoxins some of which consists of activators of Toll-like receptors 

by bacterial membrane components
218

. In the case of sepsis caused by Gram-negative 

bacteria, dysregulation of host response due to stimulation of Toll-like receptor 4 (TLR4) 

complex by the bacterial membrane component LPS
218

 resulting in a cytokine storm that 

can lead to multi-organ failure and even death. Numerous efforts have been devoted to 

developing effective therapies for sepsis but to date without success
130

. To date, there are 

no FDA-approved drugs for the treatment of sepsis, despite the fact that more than 40 

clinical trials have been conducted targeting septic individuals
219

. One focus of the 

research community’s efforts is the discovery of biomarkers to diagnose sepsis at an early 

stage, which has the potential to save up to 80% of sepsis-induced deaths
121

. However, 

diagnosis of sepsis is very challenging due to the heterogeneity of response and clinical 

symptoms among patients
122

. Furthermore, more than 50% of sepsis patients who show 

clinical symptoms have negative culture results
220

. Given the above difficulties, using 

reliable biomarkers may allow early recognition and accurate diagnosis of sepsis without 
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the need for bacterial culture. Unfortunately, while nearly 180 sepsis biomarkers have 

been reported and assessed clinically, including the most widely used PCT and CRP, 

none have shown sufficient specificity and sensitivity prohibiting their adoption for 

clinical diagnostics
119

. Thus, there is a need to discover new biomarkers with clinically 

attractive specificity and sensitivity to better guide clinicians to initiate proper treatment 

promptly. 

Mass spectrometry-based proteomics are widely used in understanding molecular 

mechanisms of sepsis and finding new biomarkers
130,221

. With the maturation of 

proteomics’ platforms, hundreds of proteins can be identified and quantified from a 

variety of biofluids, such as plasma, serum, urine, and cerebrospinal fluid. Among these 

biofluids, serum is readily obtained from patients, which provides a plethora of 

information about the circulatory system and disease state
222

. Proteomic analysis of 

serum is challenging due to a wide dynamic range of protein abundance with complex 

composition
223

. Enrichment or immuno-depletion approaches are usually used to enhance 

detection of low abundance proteins by removing top ten most abundant proteins, as 

these account for more than 90% of total protein abundance in serum. However, the 

depletion process may alter the quantitative composition of serum due to the non-specific 

binding of antibodies. Furthermore, many key biomarkers likely bind to albumin, which 

may interfere the results of biomarker discovery studies
224

. Therefore, analyzing serum 

samples without depletion is preferred as it preserves quantitative differences that are key 

to the biomarker discovery process
220

.   

Although numerous potential sepsis biomarkers have been reported, the failure of 

these markers implementation in clinical diagnosis partially attributes to the poor 
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understanding of the large variation of proteomes between individuals. Many studies only 

report significantly changed proteins between different groups, namely using pair-wise 

comparisons, and ignore those that might show large variation within groups or in control 

groups
225

. This insistence on use of pair-wise comparisons may mask actual proteome 

variations of each individual that need to be considered for the purpose of discovering 

potentially novel biomarkers of sepsis and other diseases. Nagaraj et al. analyzed the 

urinary proteome of seven healthy donors using a LFQ based proteomics strategy
226

. 

They found the interpersonal variability was largely contributed to total variability with 

47.1% whereas technical and intra-individual variability were 7.5% and 45.5 % 

respectively. Longitudinal sampling and analysis track the subject’s own proteome 

change over the course of time. A discovery proteomics study using longitudinal sample 

collection and comparison found the predictive value of two biomarkers for lung cancer 

patients during radical radiotherapy
226

. Raju et al. presented dynamic serum proteome 

profiles from early until late stage sepsis between surviving and non-surviving patients 

caused by K. pneumoniae
227

. While the ultimate goal is to find biomarkers for human 

sepsis diagnosis, we believe the first solid step would be using animal models as these 

have been used in many studies to investigate the dynamic host response in different 

phases of sepsis and continue to be important given the complexities of human 

longitudinal studies in such patients
227–229

. 

In this study, we model septic shock by injecting a dose of purified E.coli LPS 

into mice that is known to be lethal in 24 hours. Data-dependent acquisition (DDA) with 

LFQ proteomics was used to determine changes in serum protein expression during the 

course of murine lethal endotoxemia. TLR4 knock out mice were used as an additional 
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control to gain insights into non-canonical LPS stimulation of inflammatory processes in 

the absence of host LPS cell receptor. Here we show the benefit of longitudinal 

comparisons, rather than pair-wise comparisons, for biomarker discovery.  

Materials and Methods 

Mouse Model Construction and Serum Sample Collection 

Mice were purchased from The Jackson Laboratory (Bar Harbor, ME). C57BL6 

wild type (WT) (Strain: C57BL/6J) and TLR4
-/- 

(Strain: B6.B10ScN-Tlr4
lps-del

/JthJ) were 

used, all mice were female, age-matched, and 8-10 weeks old at the time of experiments. 

Intra-peritoneal injection of 30 mg/kg LPS in PBS was used to initiate lethal endotoxemia 

(LPS group, n =10), the same volume of PBS was injected into control animals (PBS 

group, n =5). The same concentration of LPS (30 mg/kg) was injected into TLR4
-/- 

mice 

(TLR group, n =5). A small volume, about 25 uL, of blood was collected from the lateral 

saphenous vein immediately before injection (0 hr), 6, 12, and 18 hr post-injection. Blood 

was mixed with 10.6 mM trisodium citrate in a pipette-tip-based centrifugal device
220

. 

After centrifugation, serum was collected and transferred to a sterile microtube and stored 

at -20
o
C until proteomics analysis. The internal temperature of mice was measured using 

a rectal thermometer (Kent Scientific, RET-3) at each time point of blood collection. 

LPS Extraction.  

LPS from E. coli BORT (O18ac:K1:H7) grown at 37
 
C in LB media was isolated 

using an optimized hot phenol/water method 
230

 that based on the original protocol
231

. 

Briefly, lyophilized bacterial pellets were resuspended in sterile water and mixed with 90% 

phenol for 1-hour incubation at 65 C. After incubation and centrifugation, the aqueous 
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phase was collected. Water was added to phenol fraction, and then aqueous phases were 

combined for dialysis and lyophilization. The resultant pellet was purified by treating 

with DNase and Proteinase K. Water-saturated phenol extraction was performed to the 

extracts and followed by dialysis and freeze dried. The LPS was further purified by 

removing phospholipids and lipoproteins using chloroform/methanol mixtures (v/v 2:1) 

and water-saturated phenol extractions, and 75% ethanol precipitation consecutively
232

. 

Sample Preparation.  

Serum protein concentration was measured using a NanoDrop (Thermo Fisher 

Scientific, NanoDrop 1000 Spectrophotometer)  at 280 nm. Sepsis samples were prepared 

using the protocol that was described by Geyer et al.
220

 with optimization for serum. The 

24 µL of sodium deoxycholate (SDC) reduction and alkylation buffer was mixed with 1 

µL of murine serum. The mixture was incubated at 100 C for 10 minutes to allow 

protein denaturation. After incubation, cooled down samples were treated with 1 µL mass 

spectrometric grade of Trypsin and Lys-C mix, and then incubated at 37 C for 2 hours. 

Trifluoroacetic acid (TFA) was added to reach a final concentration of 0.1% to quench 

the trypsin digestion. C18 StageTips (Thermo Scientific, SP301) were used for 

downstream peptides mixture cleaning and desalting. The cleaning procedure followed 

the vendor’s purification protocol. Namely, StageTips were initialized using 20 µL 

aqueous mixture of 80% acetonitrile (ACN) and 5% formic acid (FA) and re-equilibrated 

with 20 µL 5% FA. Peptide digests (10 µg) and 20 µL 5% FA were loaded on an 

equilibrated StageTip consecutively. Samples were washed with two times of 20 µL 5% 

FA and purified peptides were eluted out by 20 µL elution buffer (80% ACN, 5% FA) 

three times. The collected 60 µL purified samples were dried using a Speedvac at 37 C. 
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Dried samples were suspended in buffer (97:3:0.1, H2O/ACN/FA v/v/v) for LC-MS/MS 

analysis. 

Liquid Chromatography and Tandem Mass Spectrometry (LC-MS/MS) Analysis.  

Due to limited instrument time, one sample at 18 hour was selected from two 

controls (PBS and TLR), respectively and three samples for LPS group at 18 hour. 

Triplicate samples from all groups and three time points (0, 6, 12 h) were included. Total 

thirty two prepared samples were analyzed using an LC-MS system comprised of a nano-

LC instrument (Waters Acquity UPLC system) connected to an Orbitrap Fusion Lumos 

tribrid mass spectrometer (Thermo Fisher Scientific). A nanoAcquity trap column (180 

µm x 20 mm) was connected to a nanoAcquity C18 column (1.7µm BEH130, 100 µm x 

100 mm) for peptides trapping and separation. The LC gradient started at 3% mobile 

phase B (95% acetonitrile, 0.1 % FA) and increased to 40% at 90 min. Gradient changes 

were followed at 91min to 85% B and then increased to 95% B at 95 min. Finally the 

gradient was changed back to 3% of B to equilibrate for 20 minutes for the next injection. 

Duplicate injection was performed for each sample and the injection order for all samples 

were randomized. About 1.5 µg purified peptides were loaded on the column for an LC-

MS run.  

Eluted peptides were ionized in positive polarity at 2.1 kV. MS1 full scans were 

recorded in the range of m/z 380 to 1580 with a resolution of 120,000 at 200 m/z using an 

Orbitrap analyzer. The automatic gain control was set at 8 x 10
5
 with 50 ms of maximum 

injection time. Data-dependent ‘top speed’ mode was used to select top abundant 

peptides based on chromatography. Higher energy collisional dissociation (HCD) was 

used to fragment selected precursor ions with normalized collision energy at 30%. 
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Tandem MS scans were performed by ion trap analyzer with 35 ms maximum injection 

time. Ion target value set at 5 x 10
3
. Dynamic exclusion was set to 30s to avoid repetitive 

measuring of same peptides. 

Data Analysis.  

64 MS raw files were searched against the mouse Uniprot FASTA database using 

MaxQuant (v1.6.01) for peptide and protein identification and relative LFQ. Cysteine 

carbamidomethylation was set as a fixed modification and N –terminal acetylation and 

methionine oxidations were defined in variable modifications.  For Andromeda search, 

peptide identification was analyzed with mass tolerance of 6 ppm for precursor ions and 

20 ppm for fragment ions. Enzyme digestion was set as trypsin (cleavage at C-terminal 

arginine and lysine), and maximum of two missed cleavages were allowed for database 

search. For identification, false discovery rate (FDR) was set to 1% for both peptides and 

proteins, and peptides with minimum length of 7 amino acids were set. LFQ was 

performed with a minimum ratio count of 2. Matched between run function was selected 

with a matching time window of 0.7 min and an alignment time window of 20 min. 

Default settings were applied for other parameters. 

Bioinformatics Analysis.  

MaxQuant search results were analyzed in Perseus (v 1.5.3.1) for bioinformatics 

analysis. MaxLFQ intensities for each identified proteins were log2 transformed and used 

for LFQ comparison between different time points and different treatment groups. 

UniProt annotations were added to classify all the identified proteins based on Gene 

Ontology (GO) molecular functions (GOMF), cellular compartments (GOCC) and 

biological processes (GOBP) names. 64 RAW files (32 samples) were categorically 
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annotated based on experimental set up, specifically technical replicates, biological 

replicates, mouse number, time points and conditions. ANOVA test was performed, and 

p-values were adjusted with permutation-based FDR 5%. Z-score normalization was 

performed for ANOVA significantly changed proteins, and followed by hierarchical 

cluster analysis with k-means clustering. Principle component analysis (PCA) was 

performed with the cutoff method of Benjamini-Hochberg FDR at 0.05. Presented 

graphics were generated using a combination of Perseus, Graphpad 5 and PowerPoint. To 

understand biological functions of these statistical changed proteins, pathway analysis 

was performed in Ingenuity Pathway Analysis (IPA) software (Qiagen, Redwood city, 

USA). Analyses of the Canonical pathway, disease and function, and interaction network 

were performed.  

Enzyme-linked immunosorbent assay (ELISA) 

ELISAs for serum amyloid A (R&D, DuoSet ELISA DY2948-05) and CD14 

(R&D, DuoSet ELISA DY982) were carried out to measure serum protein amounts 

according to manufacturer’s protocol. Values were determined using the average of 

technical duplicates and an exponential standard curve calculated by GraphPad Prism 

7.00 (La Jolla, CA). 

Results 

Murine lethal endotoxemia model characterization.  

A murine model of lethal endotoxemia was used to model septic shock (Figure 

4-1). WT mice injected with LPS served as the disease group. TLR4-/- mice were 

considered as a control group to compare proteome change to the LPS group as the 

injected LPS would not activated the innate immune response. WT mice injected with 
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PBS were used as a negative control group for LPS installation. Within 6 hours of LPS 

injection, WT mice became hypothermic, a hallmark of murine septic shock, while 

control PBS injected WT and LPS injected TLR4-/- mice maintained a consistent basal 

temperature. All animals in this control group reached a lethal endpoint at 24 hours. 

 

Figure 4-1. Mouse model characterization by longitudinally monitoring the survival 

rate and temperature change. 

 

Proteome analysis of sepsis serum samples 

Serum is a protein-rich biofluid routinely used in clinical laboratories to monitor 

biomarkers for early detection and diagnosis of numerous diseases
233–236

. In this study, 1 

µL serum was used for sample preparation, which is an amount small enough to be 

clinically viable as a biofluid source. Samples were processed using a bottom-up 

proteomics approach with trypsin digestion followed by a rapid StageTip based peptide 

purification procedure. Purified peptides were analyzed using an optimized LC-MS/MS 

method, and raw files were searched against the mouse UniProt database by the 

Andromeda search engine
237

. Our sepsis proteomics workflow is shown in Figure 4-2. 
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Figure 4-2. An overview of proteomics workflow in sepsis sample analysis. 

 

A total of 1161 proteins were identified by both peptides and proteins using a 1% 

FDR cutoff. Protein identification results from MaxQuant were imported into Perseus for 

bioinformatic analysis. Proteins identified only by site, in reverse, and potential 

contaminant databases were excluded from the list, resulting in 672 proteins. As protein 

identification is not accurate when relying on a single identified peptide, only proteins 

with more than one peptide identified were preserved for downstream analysis. This led 

to the identification of 572 proteins for whole proteome comparisons between the three 

groups, LPS, PBS, and TLR. In Figure 4-3a, the Venn diagram shows 349 proteins that 

were commonly detected among three groups with four time points combined. 



97 
 

Comparative analysis revealed 83, 34, and 28 condition-specific proteins to LPS, PBS, 

and TLR groups, respectively (Figure 4-3a). Figure 4-3b shows the number of proteins 

identified from each serum sample with technical duplicates combined. After data 

filtering, most samples contained 250 – 300 proteins that were confidently identified, 

which is expected given we circumvented depletion of the most abundant serum proteins. 

Specifically, the top ten most abundant serum proteins were detected by our proteomics 

approach, which accounted for about 90% of the total protein abundance in serum
238

.  

However, the depletion process may remove potential biomarkers due to the fact that 

some high abundant proteins, such as albumin, may bind to low-abundant proteins, in 

turn resulting in their loss. 

 

Figure 4-3. The number of proteins identified for three mouse groups. (a) Venn 

diagram shows the number of common and unique proteins among groups of LPS, PBS 

and TLR combining four time points (0, 6, 12, 18hr). (b) A detail view of number of 

protein identified for each biological replicate from three groups and four time points.  
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Assessment of technical aspects of serum proteomes  

Dynamic range analysis. To ensure we detected a wide range of proteins in terms 

of concentration in serum, a dynamic range analysis was performed. LFQ values, as 

estimators of protein abundances, were derived from peptide LFQ intensities, sequence 

length, and molecular weight
136

. LFQ of identified proteins were ranked based on their 

log10 transformed intensities. Between the most and least abundant proteins, a dynamic 

range spanned about six orders of magnitude (Figure 4-4a). As expected, the most 

abundant protein was serum albumin followed by hemoglobin. Most proteins fell in the 

range of log10 LFQ 6.5 – 8.5, which contained 453 proteins over this 100-fold range, 

accounting for nearly 80% of all identified proteins; see light yellow rectangle in Figure 

4-4a. The frequency distribution of all 572 proteins shown in Figure 4-4b presents a ‘bell’ 

shape profile, indicating a comprehensive coverage of our LC-MS/MS analysis. 

 

Figure 4-4. Dynamic range analysis of sepsis serum proteome.(a) Distribution of 

protein abundance from 32 serum samples; Light yellow highlighted rectangle spans a 

100-fold range, containing 453 proteins. (b) Frequency distribution of all 572 proteins.  
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Analytical variability of sepsis serum proteome. To evaluate the technical 

reproducibility of our proteomics workflow, we evaluated the duplicate injection 

variability for each serum sample (Figure 4-5). The protein abundances of each technical 

replicates were correlated to generate an R
2
 correlation value. The mean of all 32 samples 

R
2
 (0.97) was determined. The majority of duplicate LC-MS/MS runs (28 out of 32) were 

in the range of 0.95 to 0.99. Thus, our developed proteomics workflow showed 

robustness of analytical performance in terms of technical variability. 

 

Figure 4-5. Technical replicates reproducibility of all 32 serum samples.(a) R
2
 values 

of each correlated duplicate injection of each biological replicates. Pink shaded area 

represents a range of 0.95 to 1.00 of R
2
 values. Sample names on the x-axis are plotted 

following the randomized injection order. (b) An example of the sample collected from 

mouse 4 of LPS dosed group at 0 hour.  

 

Assessment of biological variability of serum proteomes between septic shock and 

control groups.  

The main goal of this study was to understand proteome differential expression 

between septic and healthy mice in order to uncover novel markers of sepsis. During data 

analysis, we noticed that control mice proteome patterns were more chaotic (i.e. had a 
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higher degree of heterogeneity) over time than those developing sepsis, which in turn 

resulted in failure of traditional pair-wise analysis to uncover differences in the treatment 

groups. Recently, Martin Mcintosh pointed out the fact that heterogeneity exists between 

individuals or animals, even within the same group, such as healthy groups or controls 
225

. 

Some proteins were conserved between biological replicates, whereas some vary 

dramatically among similar samples. In our study, two controls (PBS and TLR) were 

used to determine the biological noise (Figure 4-6). Here, we used interquartile range 

(IQR) as a statistic measurement to quantify the dispersion of our datasets. Proteins were 

filtered out with a minimum of one valid value for each biological replicate group. Of all 

quantified proteins of the two controls (PBS and TLR), some proteins’ CVs were 

increased, and the overall dispersion became larger over the course of time (Figure 4-6). 

In addition, two healthy controls presented a more ‘chaotic’ system when compared with 

the LPS group (Figure 4-6). Furthermore, the LPS group IQR values were decreased 

over time and all protein CVs showed a trend of centralization, even though the absolute 

values of CVs increased (Figure 4-6). These results demonstrate natural heterogeneity of 

protein abundances in control groups, which prohibited the effective use of pair-wise 

comparisons either between LPS and PBS groups or LPS and TLR groups to discover 

novel markers of sepsis. 
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Figure 4-6. Inter-heterogeneity analysis of the septic shock group and two controls. 

(a) Inter-mice variability between different time points and conditions. CV% of all 

quantified proteins were calculated from 3 mouse samples belonging to the same 

condition and same time points. 279 LPS group proteins are colored in red, 251 PBS 

proteins in blue and 327 TLR proteins in yellow. Median and IQR are shown as short 

black lines. (b) IQR value change over four time points. IQR equals the difference 

between 75
th

 and 25
th

 percentiles. LPS IQR is colored in red, PBS IQR in blue and TLR 

IQR in yellow.  

 

 

To further validate this notion, we determined the differences in the ANOVA test 

results between longitudinal and pair-wise comparisons. In the longitudinal analysis, 

three time points (0, 6, 12 hours) were selected for statistical comparison for each group, 

LPS, PBS, and TLR respectively. For pair-wise comparison, three condition groups were 

ANOVA analyzed at each time point (0, 6, 12 hours). In the one-way ANOVA analysis, 

the permutation-based approach was used for multiple hypotheses testing false positive 

correction at FDR cutoff value of 0.05. Interestingly, in support of our earlier hypothesis 

on the utility of longitudinal rather than pair-wise comparisons, the longitudinal 

comparison of LPS group among three time points showed ten significantly changed 

proteins while only four were detected with statistical difference at 12 hours among three 
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groups of pair-wise comparison (Table 4-1). Importantly, no significantly changed 

protein was found in the longitudinal comparison of two controls (PBS and TLR). This 

indicates that both control proteomes did not statistically vary over time. Additionally, for 

the longitudinal analysis, 0 and 6 hours did not find any significant proteins either. This 

may indicate the need for detection of proteins over a greater dynamic range, because at 6 

hours the LPS WT mice were already hypothermic, but this change was not significantly 

reflected in their serum proteomes. 

  

Table 4-1. Summary of ANOVA results of the longitudinal and pair-wise 

comparison. 

Longitudinal comparison among 0, 6, 12h 

 PBS TLR -/- LPS 

# ANOVA Sig. Proteins 0 0 10 

Total 256 244 289 

Pairwise comparison between PBS, LPS, and TLR -/- groups 

 0h 6h 12h 

# ANOVA Sig. Proteins 0 0 4 

Total 257 281 272 

 

To further understand the discrepancy of ANOVA results between longitudinal 

and pair-wise comparison, we listed the significantly changed proteins in Table 4-2. 

CD14 and Camp were determined as significant proteins from both comparisons while 

others were unique to each analysis (Table 4-2). We plotted both proteins (CD14 and 

Camp) abundance change over time for each condition (Figure 4-7a and 7b), where 

abundance differences are clearly observed between LPS group and two controls. 

However, from the longitudinal comparison, two unique and significantly changed 
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proteins (Saa1 and Pltp) abundance profiles are displayed in Figure 4-7c and 7d. A 

pattern, of either up-regulation or down-regulation, can be readily observed for the LPS 

group over time, whereas a cross-sectional (pair-wise) comparison at 12 hours could not 

give a significant hit due to the large variation of two controls. This heterogeneity 

produces a very noisy biological background, which may mask the detection of potential 

biomarkers when screening based on changes in protein abundance. Instead, each mouse 

serving as its own control with T= 0h produced more significantly changed proteins. 

 

Table 4-2. A list of ANOVA significant proteins from longitudinal and pair-wise 

comparison. 

ANOVA+ Protein names 

Longitudinal 

(LPS) 

Pairwise 

(12h) 

CD14 CD14 

Camp Camp 

Serpine2 Ftl1; Ftl2 

HP Pf4 

Psmb2 
 

Psma6 
 

Pltp 
 

Tkt 
 

Saa1 
 

Saa2 
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Figure 4-7. Protein abundances change over time. (a) CD14, (b) Camp, (c) Saa1, and 

(d) Pltp. Each replicate of mouse samples is showed. LFQ values are log2 transformed 

for quantitative comparison. N.D.: Not detected  

 

Longitudinal comparison shows significant proteome change over time.  

We next carried out the longitudinal comparison for each condition separately by 

using individual mice as their own control, thus the dataset was split based on the 

treatment conditions (LPS, PBS, and TLR). For the LPS group, one-way ANOVA was 

performed with 5% permutation-based FDR correction among four time points (0, 6, 12, 

and 18 hours). Notably, 182 proteins were differentially modulated over time among all 

324 proteins for the LPS group. No ANOVA significant protein was found in either the 

PBS or the TLR groups. This provided additional evidence that the two control groups of 

mice were properly prepared, and immune response associated pathways were not 
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activated at least not at levels detectable by our methodology. To gain further insight into 

the 182 ANOVA significant proteins, we performed hierarchical clustering, and the 

resultant heat map is shown in Figure 4-8a. Three distinct clusters showed either up- or 

down-regulated patterns. In the first cluster, 88 proteins were decreased over time, mainly 

at 18 hours (Figure 4-8b). The majority of the proteins were related to complement 

activation, immune response, and regulation of multicellular organismal process with 

high enrichment factors. Protein abundances of the second cluster were increased over 

time where the transition state began at 6 hours (Figure 4-8c).  Some proteins in this 

cluster were associated with acute inflammatory response, such as literature reported 

sepsis biomarkers, serum amyloid A (Saa) 1 and 2
239

, S100A9
240

. In the third cluster, 68 

proteins gradually increased over time, and the majority of them were related to 

metabolic processes. A full list of 182 proteins is provided in Appendix B. Note using z-

score normalization with biological replicates grouping, no clear protein expression 

pattern was observed, because each mouse responded differently to the LPS stimulus 

with various initial protein abundances (Figure 4-9).  
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Figure 4-8. Hierarchical Clustering Analysis. (a) Heat map of all 182 ANOVA 

significant proteins. Up-regulated proteins z-scored normalized values are colored in red 

while down-regulated proteins in blue. The grouping method for z-score normalization 

used the longitudinal samples of each mouse. The color key is displayed at the bottom of 

the heat map. Profile plots of cluster 1 (b), cluster 2 (c), and cluster 3 (d).  
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Figure 4-9. Hierarchical Clustering Analysis with z-score Normalization by 

Biological Replicates Grouping. 

 

Pathway Analysis of ANOVA Significant Proteins 

To gain insight into these 182 significantlly changed proteins, pathway analysis 

was performed using the IPA software to determine associated signaling and pathways. 

The imported molecules were searched against the Ingenuity Pathway Knowledge Base 

to identify functional biological processes. Figure 4-10a shows the top eight identified 

pathways based on the –log (p-value). It is certain that bacterial infection and innate 

immune response related pathways are identified, such as acute phase response signaling, 

liver X receptors (LXR)/ retinoid X receptors (RXR) activation and the complement 
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system. Interestingly, IPA revealed the LXR/RXR pathway as biologically significant 

which contained 22 proteins from our list known to be involved in lipid metabolism and 

inflammatory responses
241

, and RXR proteins are known to play key roles in transcription 

of chemokines and innate immunity regulation
242

. Additionally, three literature-reported 

sepsis biomarkers, soluble cluster-of-differentiation 14 (sCD14), Saa1, and S100a8, were 

present in this pathway and showed increased expression patterns over time. For example, 

sCD14 was detected and highly expressed in serum, providing evidence of a mechanism 

that sCD14 can facilitate the neutralizing of LPS and help to reduce the mortality rate 

during septic shock
240,243

. Figure 4-10b shows an illustration of LXR/RXR pathway. 

Proteins found in our 182-protein list are purple-colored, mainly in soluble form or 

located at the membrane. 
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Figure 4-10. Identified pathways from 182 ANOVA significant proteins. (a) Top 

eight functional pathways. Negative log (p-value) is shown in the y-axis and an orange 

line linked all orange square represent a ratio value of proteins identified in our dataset 

over whole known proteins in IPA database. The color intensity of each bar corresponds 

to z-scores values, which bars with negative values are in blue while positive values in 

orange.  (b) shows all the proteins involved in the LXR/RXR pathways, and proteins 

found in our 182 ANOVA significant list are purple colored.  

 

We next investigated associated diseases and functions of these proteins. Figure 

4-11a shows all up-regulated pathway associated diseases linked to inflammatory 

response and multi-organ injury, which are clinical signs of sepsis. In contrast, down-

regulated pathway functions are associated with cellular growth and proliferation, protein 

synthesis, and lipid metabolism (Figure 4-11b). This analysis demonstrated that these 

significantly changed proteins were correlated with sepsis symptoms and host innate 

immune response in response to LPS interaction with cell receptor, TLR 4. 
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Figure 4-11. (a) Up-regulated and (b) down-regulated diseases and functions. 

 

Potential new biomarkers for sepsis diagnosis  

The ultimate goal of this work was to find new biomarker candidates for further 

study. These proteins identified by ANOVA testing as significant were classified into ten 

categories based on GO annotation and their biological functions (Figure 4-12a). For 

example, acute phase inflammation is the largest portion with 27 proteins grouped 

together. To exclude known biomarkers, we comprehensively mined the literature to 

collect all reported sepsis biomarkers and compared against our ANOVA significant 

protein list. Any reported biomarkers were removed from the list, resulting in 27 proteins 

that have not been studied before in association with sepsis (Figure 4-12b). While these 

proteins were well represented by different biological processes, additional experiments 

are needed to validate these new proteins and further to understand the molecular 
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mechanism. The pipeline of data analysis for this study for potential biomarker discovery 

is shown in Figure 4-13. 

 

Figure 4-12. (a) Biological process analysis of 182 ANOVA significant proteins. (b) 

27 new sepsis associated proteins. 

 

 

Figure 4-13. An Overview of Data Analysis Pipeline. 
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ELISA Validation 

To validate the proteomic results, we performed ELISA for the same serum 

samples for five proteins: Saa1, CD14, MBL1, APoE, and CRP, all of which are well-

known sepsis biomarkers in clinical diagnosis. Figure 4-14 shows the ELISA results of 

absolute abundance changes over time of Saa1 and CD14. The measured concentrations 

of the two proteins are well correlated with fold change values referenced to 0 hour from 

proteomics results. Specifically, trends of Saa1 induction were well correlated with fold 

change values referenced to 0 hour from proteomics results, with levels peaking at 12 

hours post-induction of lethal endotoxemia. CD14 amounts were elevated by 6 hours, but 

peaked at 12 or 18 hours, as measured by proteomics or ELISA respectively. 

 

Figure 4-14. ELISA measurement of protein concentrations change over time. 

Tested proteins are (a) Saa1 and (b) CD14. Red line connected to each red square at each 

time points are representations of proteomics fold change referred to 0 hour. Blue bars 

are ELISA measured concentrations in the unit of ng/mL. All data points were averaged 

from triplicate sample values.  
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Discussion 

In this work, we analyzed the serum proteomes of mice in a lethal endotoxemia 

model induced by E. coli LPS. A rapid shotgun proteomics sample preparation workflow 

was streamlined based on the recent developed StageTip sample preparation method
220

 

(<3 hours) coupled with high speed scanning Orbitrap Instrumentation and advanced 

LFQ pipeline
136,244

. The entire procedure was performed within a working day for 32 

serum samples. Specifically, the in solution StageTip cleaning method minimizes 

potential sample loss and contamination during the process and greatly reduced the 

desalting time. The relatively small amounts of sample (1 µL) used in this study make it 

attractive in blood testing with much less invasive sample collection for infants and 

elderly patients, and particularly useful when only small volume of sample available; e.g. 

from dried blood spots. We found that a 2-hour trypsin digestion with a 115-min LC-MS 

run allowed identification of more than 500 proteins, which is a reasonable coverage for 

serum proteome without depletion or pre-fractionation. Technical analysis using LFQ 

data revealed that a wide range of intensities for identified proteins was covered, 

spanning about six orders of magnitude with a technical reproducibility of about R
2
= 0.97.  

During data analysis, we noticed a heterogeneous response between each mouse 

to LPS stimulus, which was proved by the increase median values of CV from the LPS 

group over time. However, the LPS group mice showed similar trends either up- or 

down-regulated, whereas more dispersed patterns were observed in two controls, 

particularly among TLR knock out mice (Figure 4-6). In the PBS control group, some 

proteins showed low variations (CV < 30%) over time, which could be attributed to the 

fact that these proteins were not respond to the PBS treatment and maintained relatively 
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constant amount between individuals. However, the increased values of IQR indicated 

that the whole proteome variations were increased over time. Further functional analysis 

needs to be carried out to reveal the relationship between heterogeneity and biological 

function of these proteins. Regardless, the inter-animal variation characterization 

demonstrated the need for longitudinal comparison instead of widely used pair-wise 

comparison in biomarker discovery. Specifically, we found that using each mouse at time 

point 0 as their own control minimized inter-variation between mice and produced 

roughly twice as many putative biomarkers at 12 hours than pair-wise comparisons using 

difference mice as controls.  

The longitudinal analysis of the LPS group revealed a strikingly different 

expression pattern over time, particularly between 0 and 18 hours. This highlights the 

rationale of using longitudinal comparison. Previously reported sepsis biomarkers were 

well covered in our 182 ANOVA significant protein list, validating our proteomics 

workflow and data analysis strategy. Although the murine model was used and the 27 

sepsis associated new proteins may not apply in human clinical diagnosis, these new 

candidates will likely benefit the study of human sepsis in future. The high correlation of 

ELISA data with proteomics results validates that the LFQ captured the longitudinal 

variation in response to sepsis. Resulting new sepsis proteins will be subjected to further 

validation either using enzymatic immunoassays or targeted proteomics strategy such as 

parallel reaction monitoring. 

Conclusion 

We have extensively analyzed 32 serum samples from three groups at four time 

points. Longitudinal comparison overcame the heterogeneity found in serum proteomes 
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of healthy animals, revealing 182 significant changed proteins in LPS group over time. 

Further efforts are needed to validate the 27 new sepsis-related proteins.  
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 : Concluding Remarks and Future Directions Chapter Five

Summary 

There is always a need in CMLs to identify the cause of infectious agents rapidly 

and accurately, and to rely on biomarkers that confer high specificity and sensitivity in 

diagnosis of sepsis. Such advances generally improve health care outcomes by providing 

more rapid initiation of an appropriate treatment regimen. In this dissertation, we 

investigated the use of mass spectrometry as a diagnostic tool for microbial infection. In 

this chapter, key findings of previous chapters are summarized, and feasibility of some 

interesting future directions will be discussed.  

In Chapter Two, three different SAWN chip designs were evaluated to determine 

which design refinement improved LOD of lipid detection. Chip 3’s design achieved the 

best analytical performance in terms of LOD of lipid A. This resulted from changes in 

architecture that slowed heat generation by reducing the distance between the delay 

region and the source inlet of the mass spectrometer. The highlight of this work is that we 

demonstrated the feasibility of using the optimized SAWN device for rapid bacterial 

phenotyping. The advantages of ease of use, open planar format, as well as being portable 

and having a straightforward experimental set up that make SAWN an attractive 

analytical tool in clinical diagnostics. Current SAWN experiments mainly rely on manual 

operation, which may introduce variability between different users or temporal time. 

Thus, continuous efforts should be devoted to improving the SAWN instrumentation and 

making standard operating procedures that can be automated. 

In Chapter Three, we introduced a rapid lipid extraction method that 

significantly improved our current lipid-based diagnostic platform in terms of speed from 
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typically 1-2 days to under an hour. The new SA method is viable in clinical settings due 

to its short extraction time (< 1 hour), clinically friendly chemicals, simplified procedures, 

and its comparable analytical performance to the El Hamidi method. All the critical 

functionalities of the previously published Leung et al.
98

 lipid library approach were 

preserved in our improved SA method based platform, such as antibiotic resistance 

detection, biofluids analysis, and identification of single microbes from polymicrobial 

samples. Thus, this improved platform can be a complementary approach to the current 

FDA approved protein-based diagnostic tools, which if properly implemented along with 

the existing methods can provide broad impacts in microbial diagnostics. However, many 

aspects need continued research to improve the overall performance of our platform, such 

as LOD, library coverage, and the bioinformatics of identification from polymicrobial 

infections.  

In Chapter Four, we pursued the goal of identifying protein biomarkers that 

could be used to rapidly diagnose sepsis. This was done using a murine septic shock 

model, which was designed to be lethal in 24 hours, a time short enough to allow facile 

collection of longitudinal samples. The shotgun proteomics LFQ strategy we employed 

produced 182 proteins that passed an ANOVA significance test proteins. After extensive 

literature mining to remove proteins already known to be potential sepsis markers, a 

shorter list of 27 potential, novel markers of sepsis was produced. While further 

validation of these 27 potential protein markers is needed, two (CD14 and Saa1) of the 27 

were validated by ELISA. These two proteins ELISA results correlated directly with the 

shotgun proteomic findings. The most important point in this work was to demonstrate 

the need to use longitudinal comparisons to extract these new markers rather than pair-
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wise comparisons, the latter of which failed to generate a significant number of proteins 

of interest most probably because of the high level of heterogeneity between control mice 

over time. Finally, there remains a need to further analyze the large amount of 

information in the proteomics dataset that may provide a deeper understanding of 

molecular mechanisms of sepsis development. 

Future Directions 

Although much progress has been made in this thesis work, much remains to be 

further investigated. In this section, some promising studies are described to demonstrate 

the feasibility of facilitating rapid diagnosis of microbial infection using either lipid-

based pathogen identification platform or potential new sepsis biomarkers. 

SAWN instrumentation improvement 

Since Heron et al first introduced SAWN in 2010
149

, it has drew wide attention 

from the mass spectrometry community. Commercialization by Deurion LLC continues 

where they are refining the hardware of SAWN, from chip design, controller assembly to 

software development. Recently, they upgraded the whole SAWN hardware set up 

including the newly designed Chip 3 that is described in Chapter Two (vide supra), a 

SAWN controller v2.0, a 3D-printed chip holder and a program to remotely control the 

SAWN operation (Figure 5-1). This new set up would reduce user operation variation 

and possible provide better chip performance.   
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Figure 5-1. The new SAWN setup with controller 2.0 and 3D-printed chip holder. 

Figure is adapted from Deurion LLC. SANW Operating Manual v1.0. (Reprinted by 

permission from Deurion LLC, Copyright 2015)  

Identification of new lipid A structures  

Previously, we have shown the species-specific characteristics of lipid A 

structures. There is a continuous need to elucidate new structures from Gram-negative 

bacteria that are not in our lipid library. Our group previously reported an algorithm, 

HiTMS
110

 to assign lipid A structures from hierarchical tandem MS data.  This approach 

required acquisition of extensive MS
n
 data on as many precursor ions as possible and all 

subsequent fragment ions. However, it was not always an appropriate technique for 

samples of limited availability. Therefore, we developed an extensive theoretical MS
1
 

database to identify lipid A structures without need for MS
n
 (n ≥ 3) data

245
. Based on 

manual interpretation of lipid A precursor ion (MS
1
) data and fragmentation rules, eight 

components (fatty acid, terminal phosphorylation pattern, sugar modification, 

disaccharide et al.) of potential theoretical masses derived from multi-species lipid A 

structure were defined (Figure 5-2). Using a Cartesian product algorithm, each 

component can be considered as a module to construct a hypothetical lipid A structure. 



120 
 

This process produced 2.2 billion theoretical lipid A MS1 masses, more than 99.9% of 

which were not biologically viable, but can serve as decoys to estimate false discovery 

rates. These data were, in turn, imported into a MySQL database for organization and 

searching. 

Briefly, precursor ion masses detected from a lipid A mass spectrum were 

compared against the MS
1
 theoretical database and the top n matches selected based on a 

match to the available molecular masses. A hypothetical structure is further elucidated by 

matching the tandem mass spectra against a secondary tandem MS database consisting of 

all possible fragmentation patterns based on the Cartesian product algorithm. This in 

silico generated database could help researchers trying to discern novel lipid A structures 

that can in turn help to expand the library chemical barcodes that we used for bacterial 

identification. 
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Figure 5-2. A generalized lipid A structure with eight building components used for 

the Cartesian product methods to generate all possible MS1 masses (Reprinted by 

permission from America Society of Mass Spectrometry
245

, Copyright 2015)  

Improving the LOD of current SA method 

Current LODs of SA and AI methods are in the range of 10
6
 CFU, as determined 

by analysis of a single MALDI spot using norharmane as a matrix for ionization. This is 

higher than the bacterial load in urine, which is typically 10
3-5

 CFU/mL
246

, and in blood 

where it can be 10
1-3

 CFU/mL
247

. This means we need to improve the sensitivity of the 

SA method in order to avoid the need for amplification by overnight culture. There are 

many steps/parameters in the process that can be selected for optimization, such as 

purification procedure, sample spotting method, matrix selection, and additives. Some 

pilot experiments were carried out to determine if any improvement in LOD. However, to 

date there has been no systematic effort by DOE analysis to improve the LOD as was 

done to reduce the extraction time described in Chapter Three. 

Matrix selection. Previously, we have shown that norharmane was the best 

performing matrix for lipid A MALDI-TOF detection
68

.  Results showed that norharmane 

improved 10-fold the LOD for MPL compared to 2,5 dihydroxybenzoic acid and 100-

fold versus 9-aminoacridine. Here, we continued searching for a better matrix for lipid A 

MALDI ionization. For example, Pseudomonas aeruginosa secretes a molecule called 2-

heptyl-3-hydroxy-4-quinolone (PQS), an essential factor in quorum sensing for virulence 

coordination based on bacterial population density
248

. We subsequently compared this 

chemical to the two other aforementioned matrices, norharmane and 6-aza-2-thiothymine 

(ATT) for different types of lipid A molecules detection including MPL, 

dephosphorylated lipid A (DPL) and F. novicida lipid A. Chemical structures of  above 
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compounds are shown in Figure 5-3. Preliminary results shown in Figure 5-4 indicate 

that PQS may be better for lipid A ionization as higher S/N ratios obtained in both DPL 

and F. novicida lipid A detection than using norharmane and ATT, but further 

experiments are needed to confirm this finding. 

 

Figure 5-3. Chemical structure of matrices  (a) ATT, (b) norharmane, and (c) PQS; 

different lipid A molecules (d) MPL, (d) DPL, and (f) F. novicida lipid A.  
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Figure 5-4. Matrices comparison between three different lipid A molecules. Signal to 

noise ratios was obtained from Bruker DataAnalysis software.  

 

Additives. As Zhou et al.
249

 reported that by adding EDTA ammonium into 5-

chloro-2-mercaptobenzo- thiazole (CMBT) matrix solution could improve the sensitivity 

of DPL by 100-fold, we set out to test if addition of EDTA ammonium to the norharmane 

matrix solution would increase the LOD of MPL. In Figure 5-5, triplicate mass spectra 

were compared between conditions with or without EDTA ammonium addition to the 

norharmane solution. MPL sample was serially diluted to a concentration close to the 

LOD and 2.87 fmol MPL was deposited on the MALDI target. MPL ions at m/z 1744 

were detected when 20 mM EDTA ammonium added to the norharmane matrix solution 

but much weaker lipid ion intensities were found in norharmane only spectra. The S/N 

ratios of lipid A in mass spectra generated using EDTA ammonium were much higher 

than without it. This clearly suggests that addition of EDTA ammonium to lipid A 

samples can increase the sensitivity of lipid A detection. Future efforts should be put into 

trying other combinations of matrix and EDTA ammonium, such as the mixture of PQS 

with EDTA ammonium. 
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Figure 5-5 Mass spectra of MPL with (b) or without (a) the addition of EDTA 

ammonium to the norharmane solution. S/N ratios for each spectrum are labeled. Nor: 

Norharmane.  

PTM analysis of sepsis proteomics dataset 

PTMs of proteins play an important role in regulation of cellular process, cascade 

signaling, and protein functions
248

. Common PTMs are acetylation, phosphorylation, 

glycosylation, ubiquitination, methionine oxidation and proteolytic cleavage
250

. There is 

some general interest in discovery of protein biomarkers that contain PTMs. Sepsis-

associated serum proteins with modifications such as glycosylation can be potential 

therapeutic markers. DeCoux et al. found a unique group of 66 glycopeptides (54 proteins) 

specific to sepsis survivors, and 60 glycopeptides (43 proteins) specific to non-

survivors
251

.  Wu et al. performed a quantitative proteomic analysis and suggested that 

the phosphorylated MYL12B could be a potential plasma biomarker for sepsis-induced 

kidney injury
252

. Thus it is expected that some proteins have PTMs changes during the 

development of sepsis. Variable modification search of phosphorylation was also 
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performed by MaxQuant for our 32 samples. We expect that more useful information will 

be extracted via phosphoproteomics or other PTMs, such as glycosylation, analysis in 

future. 

Concluding Remarks 

All the results presented in this thesis may have a broad impact in clinical 

microbial diagnosis, either by identifying pathogens rapidly or using biomarkers for early 

sepsis detection. The feasibility of future directions was supported by the corresponding 

preliminary data. The fight between human beings and pathogens will not end as 

pathogens continue to evolve and to develop new antimicrobial-resistant mechanisms. 

People will constantly be exposed to new or re-emerging infectious threats. We, all of us, 

have to be prepared for this fight, forever, and technological developments such as those 

presented herein can help us to stay ahead of microbes as they naturally develop 

resistance mechanisms in order to survive our therapeutic challenges. 
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APPENDIX A: Supporting Information for Chapter Three 

Table A1. A full list of tested species 

Class Species Strain name 
Lipids 

Modification 

Gram-negative 

bacteria 

Acinetobacter baumannii 
SM 1536 mcr PEtN 

SM 1536 WT 
 

Escherichia coli 
ATCC 25922 

mcr 
PEtN 

 

ATCC 25922 

WT  

Francisella novicida 
U112    37°C 

 
U112    25°C 

 

Klebsiella pneumoniae 

ATCC 13883 

mcr 
PEtN 

ATCC 13883 

WT  

TBE 805 AraN 

Providencia stuartii YDC672-2 AraN 

Pseudomonas aeruginosa 
TRPA179 WT 

 
TRPA179 mcr PEtN 

Yersinia pestis 
KIM6+   37°C 

 
KIM6+   25°C 

 
Serratia marcescens SM5 AraN 

Cronobacter sakazakii UPITTCS1 AraN 

Morganella morgannii YDC721 PEtN 

Proteus mirabilis YDC672-1 AraN 

Proteus vulgaris 
 

AraN 

Enterobacter cloacae FN2540 
 

Salmonella typhimurium TBE220 
 

Gram-positive 

bacteria 

Bacillus coagulans 
  

Enterococcus faecalis UPITTEFA1 
 

Enterococcus faecium UPITTEFI1 
 

Staphylococcus aureus NRS1 
 

Fungi Candida albicans S56571 
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Table A2.  List of species isolated from urine. 

Class Species 

Gram-positive 

Arthrobacter pigmenti 

Bacillus cereus 

Bacillus pumilus 

Enterococcus faecalis 

Exiguobacterium spp. 

Micrococcus luteus 

Paenibacillus lautus 

Rhodococcus opacus 

Rothia amarae 

Staphylococcus aureus 

Staphylococcus capitis 

Staphylococcus cohnii 

Staphylococcus epidermidis 

Staphylococcus haemolyticus 

Staphylococcus hominis 

Staphylococcus lugdunensis 

Staphylococcus warneri 

Gram-negative 

Brevundimonas diminuta 

Escherichia coli 

Klebsiella pneumoniae 

Candida glabrata W64555 
 

Candida lusitaniae 
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Moraxella osloensis 

Pseudomonas stutzeri 

Roseomonas mucosa 

Fungi Candida albicans 

 

* Species listed in bold are among the most prevalent pathogens implicated in UTIs. 
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APPENDIX B: Supporting Information for Chapter Four 

No. Protein names Gene names 

1 B3EWD4;B3EWD6 (protein ID) 
 

2 Dynamin-related protein 5A DRP5A 

3 Kininogen-1 Kng1 

4 Peroxiredoxin-6 Prdx6 

5 Proteasome subunit beta type-1 Psmb1 

6 Extracellular superoxide dismutase [Cu-Zn] Sod3 

7 Chitinase-like protein 3;Chitinase-like protein 4 Chil3;Chil4 

8 Phosphoglycerate mutase 2 Pgam2 

9 Phosphatidylinositol-glycan-specific phospholipase D Gpld1 

10 Coagulation factor X F10 

11 Afamin Afm 

12 Complement C3; C3 

13 Ig kappa chain V-II region 26-10 
 

14 Ig kappa chain V-V region L6;Ig kappa chain V-V region T1 
 

15 
Ig kappa chain V-VI region SAPC 10;Ig kappa chain V-VI 

region TEPC 601/TEPC 191; 
 

16 
Ig heavy chain V region 1-62-3;Ig heavy chain V region B1-

8/186-2; 

Ighv1-62-

3;Ighv1-72 

17 
Ig heavy chain V region M511;Ig heavy chain V region 

HPCG14 
 

18 Ig heavy chain V-III region ABE-47N; 
 

19 Ig kappa chain C region 
 

20 Ig gamma-2A chain C region secreted form 
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21 
Ig gamma-1 chain C region secreted form;Ig gamma-1 chain C 

region, membrane-bound form 
Ighg1 

22 Ig mu chain C region Ighm 

23 H-2 class I histocompatibility antigen, Q10 alpha chain H2-Q10 

24 Hemoglobin subunit alpha Hba 

25 Hemoglobin subunit beta;LVV-hemorphin-7;Spinorphin HBB 

26 Hemoglobin subunit beta-1 Hbb-b1 

27 Complement factor D Cfd 

28 Ig gamma-3 chain C region 
 

29 Band 3 anion transport protein Slc4a1 

30 Fructose-bisphosphate aldolase A Aldoa 

31 Serum amyloid A-1 protein Saa1 

32 Serum amyloid A-2 protein;Amyloid protein A Saa2 

33 L-lactate dehydrogenase A chain Ldha 

34 Ig heavy chain V region AC38 205.12 
 

35 Apolipoprotein A-IV Apoa4 

36 Glucose-6-phosphate isomerase Gpi 

37 Complement factor H Cfh 

38 Transthyretin Ttr 

39 Alpha-1-acid glycoprotein 2 Orm2 

40 Serum albumin Alb 

41 Alpha-1-antitrypsin 1-1 Serpina1a 

42 Serine protease inhibitor A3K Serpina3k 

43 Heat shock protein HSP 90-alpha 
Hsp90aa1;HSP

90AA1 
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44 Spectrin alpha chain, erythrocytic 1 Spta1 

45 Lactotransferrin Ltf 

46 Apolipoprotein E Apoe 

47 Superoxide dismutase [Cu-Zn] Sod1 

48 Phosphoglycerate kinase 1 Pgk1 

49 
Ferritin heavy chain;Ferritin heavy chain, N-terminally 

processed 
Fth1 

50 
Ubiquitin-60S ribosomal protein L40;Ubiquitin;60S ribosomal 

protein L40; 

Uba52;Rps27a;

Ubb;Ubc 

51 Thioredoxin Txn 

52 Monocyte differentiation antigen CD14 Cd14 

53 Heat shock cognate 71 kDa protein Hspa8;HSPA8 

54 Fibronectin;Anastellin Fn1 

55 Glutathione peroxidase 1 Gpx1 

56 Neutrophil gelatinase-associated lipocalin Lcn2 

57 Properdin Cfp 

58 
  

59 Gelsolin Gsn 

60 Serglycin Srgn 

61 Complement C1q subcomponent subunit B C1qb 

62 Malate dehydrogenase, cytoplasmic Mdh1;MDH1 

63 Bisphosphoglycerate mutase Bpgm 

64 Spectrin beta chain, erythrocytic Sptb 

65 Nucleoside diphosphate kinase A Nme1 

66 
Coagulation factor IX;Coagulation factor IXa light 

chain;Coagulation factor IXa heavy chain 
F9 
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67 Alpha-enolase Eno1 

68 
Peptidyl-prolyl cis-trans isomerase A;Peptidyl-prolyl cis-trans 

isomerase A, N-terminally processed 
Ppia 

69 Triosephosphate isomerase Tpi1 

70 Glutathione S-transferase P 1 Gstp1 

71 Prothrombin;Activation peptide fragment 1; F2 

72 Plasminogen;Plasmin heavy chain A; Plg 

73 Tropomyosin alpha-3 chain Tpm3 

74 
Complement C2;Complement C2b fragment;Complement C2a 

fragment 
C2 

75 Vitamin D-binding protein Gc 

76 Plasminogen activator inhibitor 1 Serpine1 

77 Carboxylesterase 1C Ces1c 

78 
Plasma kallikrein;Plasma kallikrein heavy chain;Plasma 

kallikrein light chain 
Klkb1 

79 Protein S100-A8 S100a8 

80 Murinoglobulin-1 Mug1 

81 Ferritin light chain 1;Ferritin light chain 2 Ftl1;Ftl2 

82 Alpha-2-HS-glycoprotein Ahsg 

83 Vitronectin Vtn 

84 Serum amyloid A-4 protein Saa4 

85 Protein S100-A9 S100a9 

86 Antithrombin-III Serpinc1 

87 Apolipoprotein C-III Apoc3 

88 Thrombospondin-1 Thbs1 

89 Mannose-binding protein A Mbl1 
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90 Adenylyl cyclase-associated protein 1 Cap1 

91 Transketolase Tkt 

92 Mannose-binding protein C Mbl2 

93 Glutathione peroxidase 3 Gpx3 

94 Protein 4.1 Epb41 

95 Heparin cofactor 2 Serpind1 

96 Erythrocyte membrane protein band 4.2 Epb42 

97 Cathelin-related antimicrobial peptide Camp 

98 Lumican Lum 

99 Apolipoprotein D Apod 

100 Pyruvate kinase PKLR Pklr 

101 Erythrocyte band 7 integral membrane protein Stom 

102 26S protease regulatory subunit 6B Psmc4;PSMC4 

103 Transitional endoplasmic reticulum ATPase Vcp;VCP 

104 Serine/threonine-protein phosphatase 2A activator Ppp2r4 

105 
Actin, cytoplasmic 1;Actin, cytoplasmic 1, N-terminally 

processed 
Actb;ACTB 

106 Ubiquitin-conjugating enzyme E2 N Ube2n 

107 GTP-binding nuclear protein Ran Ran 

108 14-3-3 protein zeta/delta Ywhaz 

109 Eukaryotic translation initiation factor 5A-1 Eif5a 

110 Importin subunit beta-1 Kpnb1 

111 Selenoprotein P Sepp1 

112 55 kDa erythrocyte membrane protein Mpp1 

113 Histidine triad nucleotide-binding protein 1 Hint1 
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114 
Insulin-like growth factor-binding protein complex acid labile 

subunit 
Igfals 

115 Uroporphyrinogen decarboxylase Urod 

116 T-complex protein 1 subunit epsilon Cct5 

117 T-complex protein 1 subunit zeta Cct6a 

118 ADP-ribosylation factor 5 Arf5 

119 Histone H3.2 
HIST2H3A;His

t1h3b 

120 Proteasome activator complex subunit 2 Psme2 

121 
Mannan-binding lectin serine protease 1;Mannan-binding lectin 

serine protease 1 heavy chain; 
Masp1 

122 Complement C1q subcomponent subunit A C1qa 

123 
Apolipoprotein A-I;Proapolipoprotein A-I;Truncated 

apolipoprotein A-I 
Apoa1 

124 Retinol-binding protein 4 Rbp4 

125 Alpha-1-antitrypsin 1-4 Serpina1d 

126 Epidermal growth factor receptor Egfr 

127 Beta-2-glycoprotein 1 Apoh 

128 Ras suppressor protein 1 Rsu1;RSU1 

129 Aquaporin-1 Aqp1 

130 Ubiquitin-like modifier-activating enzyme 1 Uba1 

131 Complement C1q subcomponent subunit C C1qc 

132 Ankyrin-1 Ank1 

133 Corticosteroid-binding globulin Serpina6 

134 Clusterin;Clusterin beta chain;Clusterin alpha chain Clu 

135 Glia-derived nexin Serpine2 
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136 
Protein AMBP;Alpha-1-microglobulin;Inter-alpha-trypsin 

inhibitor light chain;Trypstatin 
Ambp 

137 Coagulation factor XIII B chain F13b 

138 Vitamin K-dependent protein S Pros1 

139 Adiponectin Adipoq 

140 
Complement factor I;Complement factor I heavy 

chain;Complement factor I light chain 
Cfi 

141 Plastin-2 Lcp1 

142 Alpha-2-antiplasmin Serpinf2 

143 Rab GDP dissociation inhibitor beta Gdi2 

144 Haptoglobin;Haptoglobin alpha chain;Haptoglobin beta chain Hp 

145 Inter-alpha-trypsin inhibitor heavy chain H1 Itih1 

146 Interleukin-1 receptor accessory protein Il1rap 

147 
Alpha-2-macroglobulin;Alpha-2-macroglobulin 165 kDa 

subunit;Alpha-2-macroglobulin 35 kDa subunit 
A2m 

148 Zinc-alpha-2-glycoprotein Azgp1 

149 Cullin-associated NEDD8-dissociated protein 1 Cand1 

150 
Serine/threonine-protein phosphatase 2A 65 kDa regulatory 

subunit A alpha isoform 
Ppp2r1a 

151 
Coagulation factor XII;Coagulation factor XIIa heavy 

chain;Coagulation factor XIIa light chain 
F12 

152 Nicotinate phosphoribosyltransferase Naprt 

153 Phosphoglycolate phosphatase Pgp 

154 
Hyaluronan-binding protein 2;Hyaluronan-binding protein 2 50 

kDa heavy chain; 
Habp2 

155 Fibrinogen beta chain;Fibrinopeptide B;Fibrinogen beta chain Fgb 

156 Complement component C8 alpha chain C8a 
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157 Complement component C8 gamma chain C8g 

158 Fibrinogen gamma chain Fgg 

159 26S proteasome non-ATPase regulatory subunit 2 Psmd2 

160 Serine protease inhibitor A3N Serpina3n 

161 Pyridoxine-5-phosphate oxidase Pnpo 

162 Serotransferrin Tf 

163 Flavin reductase (NADPH) Blvrb 

164 Ras-related protein Rap-1b;Ras-related protein Rap-1A Rap1b;Rap1a 

165 Lactoylglutathione lyase Glo1 

166 6-phosphogluconolactonase Pgls 

167 Methylthioribose-1-phosphate isomerase Mri1 

168 Biliverdin reductase A Blvra 

169 Carboxypeptidase N subunit 2 Cpn2 

170 Inhibitor of carbonic anhydrase Ica 

171 6-phosphogluconate dehydrogenase, decarboxylating Pgd 

172 Ubiquitin carboxyl-terminal hydrolase 14 Usp14 

173 Proteasome subunit alpha type-6 Psma6 

174 CD5 antigen-like Cd5l 

175 Fetuin-B Fetub 

176 Alpha-adducin Add1 

177 
Hepatocyte growth factor activator;Hepatocyte growth factor 

activator short chain; 
Hgfac 

178 Proteasome subunit beta type-2 Psmb2 

179 26S proteasome non-ATPase regulatory subunit 13 Psmd13 

180 Platelet factor 4 Pf4 
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181 Apolipoprotein M Apom 

182 Aspartyl aminopeptidase Dnpep 
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