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ABSTRACT 

 The analysis of mixtures is a fundamental challenge in analytical chemistry, and this 

challenge is especially manifest in the analysis of proteomes, which are among the most complex 

mixtures known in nature. Liquid chromatography-mass spectrometry/mass spectrometry (LC-

MS/MS) has become a premier tool for the analysis of proteomes. This dissertation presents 

advances in LC-MS/MS methodologies to improve the comprehensive characterization of 

proteomics samples while improving throughput and maintaining high accuracy and 

reproducibility in order to improve biological discovery. Chapter 1 provides a brief history of 

developments in analytical chemistry that enabled the analysis of complex proteomics samples 

and outlines some current challenges in proteomics analyses. Chapter 2 describes the 

development of a new phosphoproteomics method using the novel Orbitrap Astral mass 

spectrometry platform and its application to generate an expanded atlas of protein phosphorylation 

in the mouse. Chapter 3 introduces SynchroSep-MS, a new paradigm for sample multiplexing 

without the need for chemical derivatization. This method performs synchronized separations 

across multiple liquid chromatography columns with a single mass spectrometer to improve 

proteome analysis throughput. Chapter 4 presents a detailed characterization of the effect of 

emitter positioning on signal intensity for nanoflow electrospray, provides detailed insight into 

emitter positioning effects, and suggests a path toward improving reproducibility for experimental 

setups with multiple emitters. Finally, Chapter 5 presents conclusions, limitations, and future 

directions of the work presented in this dissertation as well as an outlook on how these 

developments fit into the broader proteomics field. 
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Chapter 1  

Background and Introduction 
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Analyzing Chemical Mixtures 

The field of analytical chemistry has played an integral role in the development of many key 

technologies. In the announcement of Zeitschrift für analytische Chemie, the first analytical 

chemistry-specific journal, Carl Fresenius writes that  

It requires little knowledge to realize that all the major developments in the field of 

chemistry are connected in some way with developments in the methods of analytical 

chemistry…. The development of analytical chemistry, therefore, always preceded the 

development of general chemistry. Just as new routes lead to new discoveries so improved 

analytical methods always yield new chemical results.1,2 

 

The veracity of this claim is manifest in notable accomplishments including the development of 

atomic theory, which required accurate measurements of weight,1 the discovery of oxygen, which 

relied on methods for gas analysis,1 and the discovery of multiple elements in mineral samples 

using spectroscopic methods.3 Each of these examples required the detection of specific chemical 

species amidst a mixture of other components. The challenge of mixture analysis was noted by 

Wilhelm Ostwald who writes in his seminal work Scientific Foundations of Analytical Chemistry 

that “…the task of recognizing any given substance … is always more or less easy of 

accomplishment … But the problem becomes far more complicated when we have to deal, not 

with a simple substance, but with a mixture…”4 In the real world, even ‘purified’ chemicals exhibit 

trace level impurities that must be analyzed in the context of other components.5 The analysis of 

chemical mixtures requires methods that can effectively distinguish between different chemical 

species. The degree to which a method can distinguish between different analytes (i.e. avoid 

interference) is known as its selectivity6, a critical consideration when evaluating the suitability of 

a method for analyzing a mixture of different analytes. A further challenge in mixture analysis is 

obtaining quantitative values for the different components. An early example of the quantitative 
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analysis of a mixture was the characterization of the gaseous components of air by Henry 

Cavendish, which determined the percent composition of oxygen in air as well as detection of a 

trace amount of a gas later to be identified as argon.1,7–9 Overall, the quantitative analysis of 

mixtures has long been a key measurement challenge due to the need for selective detection and 

accurate quantification. 

Classical techniques for mixture analysis involved the use of many characteristic reactions  

for specific analytes to purify, isolate, and identify chemical analytes. The introduction of 

instrumental analysis techniques in the early 20th century transformed the practice of analytical 

chemistry by emphasizing direct measurement of the physical properties of analytes rather than 

characterization with chemical reactions.10 For mixture analysis, instrumental analysis brought 

many advantages such as lower sample material requirements and higher selectivity for more direct 

analysis of substances without the need for extensive chemical purification and isolation.10 One 

notable instrumental technique for the analysis of mixtures is liquid chromatography. The 

discovery of the chromatographic phenomena can be attributed to Friedrich Runge, who observed 

the separation of colored dyes on filter paper in 1855.1,11,12 The development of this technique into 

its modern form is attributed to M.S. Tswett, who separated plant pigments using a filter funnel 

packed with a ‘stationary phase’.13,14 Later on, the introduction of high-performance liquid 

chromatography (HPLC) in the 1960s took advantage of advances in stationary phase technology 

and instrumentation development to offer high efficiency separations of a wide variety of analytes 

with short analysis times.12 Notably, HPLC represents a separation approach that can be generally 

applied to a wide range of analytes and samples,15 as compared to classical approaches for mixture 

analysis that relied on a suite of different chemical reactions that had to be selected based on the 
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specific analytes.10 The later development of ultrahigh-performance liquid chromatography 

(UPLC or UHPLC) in late 1990s with its higher separation efficiency enabled much higher 

resolution analysis of complex mixtures.16–18  

While liquid chromatography offers high resolution separation of mixtures, the detection 

and identification of analytes is another challenge in the analysis of complex mixtures. Mass 

spectrometry offers many advantages as a tool for detection, identification, and quantification of 

mixture components. This technology began with the work of J.J. Thomson, who was able to 

measure mass spectra of a few species, including hydrogen, carbon dioxide, and neon.19 The 

further development of the instrument by F.W. Aston improved the spectral resolution, enabling 

the measurement of many isotopes, and paving the way for further instrumental development.20 

Later on, the coupling of liquid chromatography to mass spectrometry to analyze mixtures of non-

volatile compounds was most effectively accomplished with electrospray ionization.21 The 

development of tandem mass spectrometry, made more widely accessible by the invention of the 

triple-quadrupole mass spectrometer by Richard Yost and Christie Enke22, offers a way to obtain 

detailed structural information about ionized analytes.23 Combined with high-performance liquid 

chromatography, the high selectivity and molecular specificity of tandem mass spectrometry offers 

an approach for comprehensive mixture analysis. The introduction of high resolution/high mass 

accuracy mass analyzers further expands the capability of liquid chromatography-mass 

spectrometry/mass spectrometry (LC-MS/MS) workflows by improving the resolution of different 

analytes and increasing the confidence of compound identification.24 The culmination of these 

developments in mass spectrometry combined with modern liquid chromatography have led to 
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LC-MS/MS becoming a leading approach for the characterization of complex mixtures, especially 

for the analysis of complex mixtures of proteins. 

Measuring Proteins: An Introduction to Proteomics 

Proteins are a diverse group of biomolecules known for carrying out diverse functions to 

support life. Within cells, genetic information stored on deoxyribonucleic acid (DNA) molecules 

is transcribed into messenger ribonucleic acid (mRNA) molecules. The information contained on 

mRNA is then translated into proteins by ribosomes. Proteins can perform diverse functions, 

ranging from structural support in cells, replication of DNA, to facilitating the synthesis of amino 

acids. Each of these distinct functions are essential for maintaining homeostasis, and by 

modulating protein expression rates, degradation rates, or the activity of a particular protein, cells 

and organisms can respond to stimuli in their environments. For this reason, proteins are often 

targeted by therapeutics. For example, overexpression of the human epidermal growth factor 

receptor 2 protein (HER2) is associated with increased severity for breast cancer. Trastuzumab, an 

anti-HER2 antibody inhibits HER2 activity to reduce HER2-mediated intracellular signal and 

prevent tumor growth.25,26 As another example, familial hypercholesterolemia, a disease indicated 

by elevated levels of low density lipoprotein cholesterol (LDL-C), is often caused by a mutation 

in the gene encoding for the LDL receptor (LDLR) leading to reduced LDLR expression.27 To 

address this issue, PCSK9 inhibitors, such as evolocumab, prevent PCSK9 from binding LDLR, 

reducing protein degradation and increasing LDLR levels.28 In addition to serving as drug targets, 

measuring proteins can provide insight into the state of a biological system, as evident in the use 

of protein measurements for a wide variety of medical diagnostics. Some examples include the 

measurement of human chorionic gonadotropin levels by many common pregnancy tests29,30, 
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detection of SARS-CoV-2 proteins by COVID-19 rapid antigen tests31–34, and quantification of C-

reactive protein (CRP) to assess coronary artery disease risk.35–38  

As biopolymers comprised of 20 common amino acid monomers, proteins exhibit a wide 

range of chemical diversity that must be considered when developing analytical methods. The 

diverse chemical properties of amino acid sidechains lead to proteins exhibiting wide ranges of 

hydrophobicity and acidity, with total molecular weights ranging from a few kDa to multiple 

MDa.39 Additionally, the presence of >700 known post-translational modifications (based on the 

UniProt database at the time of writing40), and alternative sequences/isoforms result in estimates 

of >1,000,000 different chemical forms of just human proteins.41,42 Furthermore, small 

modifications of proteins can lead to large biological effects. For instance, one of the most common 

causes of sickle cell disease is caused by the substitution of a single glutamic acid residue to a 

valine on the β globin chain.43–45  Human epidermal growth factor receptor (hEGFR) is known to 

be phosphorylated at multiple sites, with serine 229 phosphorylation affecting drug responsiveness 

due to nuclear translocation, tyrosine 1045 phosphorylation inducing EGFR degradation which 

plays an anti-cancer role, and phosphorylation of tyrosine 1068 and 1086 leading to Stat3 

activation which is associated with cancer.46–48 These examples indicate the importance of 

obtaining site-specific information about protein modifications. Consequently, to provide the most 

useful information, analytical methods to characterize proteins must distinguish between minor 

chemical differences across protein species. 

Beyond the variation of chemical properties for proteins, biological systems can contain a 

few thousand (i.e. yeast49) to >16,000 proteins50 expressed at any given time. The dynamic range 

of abundances for different proteins can exceed ten orders of magnitude for samples such as blood 
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plasma.51,52 The broad diversity of molecular forms, large amount of different proteins, and wide 

ranges of concentrations make biological mixtures of proteins among the most complex mixtures 

known in nature.53 This complexity presents a huge challenge for developing analytical mixtures 

that can distinguish between so many types of proteins while also providing reliable and 

reproducible quantification, making the analysis of protein mixtures one of the key frontiers in 

modern-day analytical chemistry research.  

The deep biological insight that can be obtained when performing comprehensive analysis 

of these complex protein mixtures has driven the development of the field of proteomics. The term 

‘proteome’ was first coined by Marc Wilkins to describe the characterization of all the proteins 

within a biological system54, analogous to efforts by the genomics community to characterize all 

the genes within organisms. While the genomics community has greatly benefited from the signal 

amplification provided by the polymerase chain reaction (PCR)55, no comparable technology 

exists for proteins. Accordingly, the field of proteomics involves a rich history of analytical 

innovations to enable effective analysis.56 

For reliable detection and identification of proteins, characterization of the amino acid 

sequence is crucial as this sequence determines the structural, chemical, and functional 

characteristics of proteins. The first protein sequence was determined by Frederick Sanger in 

195157,58, and the Edman degradation approach to sequencing proteins was introduced just a few 

years prior.59,60 Edman degradation became a primary approach to protein sequencing with the 

introduction of automated machines.61,62 The invention of the triple quadrupole mass 

spectrometer22,63 paved the way for the development of tandem mass spectrometry-based protein 

sequencing. The Hunt group introduced such a method in 1986 that allowed peptide sequencing 
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by performing chemical or enzymatic digestion of proteins followed by HPLC fractionation to 

generate samples that could be ionized via liquid secondary-ion ionization and fragmented via 

collision-activated dissociation (CAD).64 This approach was later combined with electrospray 

ionization (ESI) for high sensitivity peptide sequencing.65 These mass spectrometry-based protein 

sequencing methods (known as bottom-up proteomics) were eventually adopted more widely due 

to the improved tolerance to mixtures of peptides and higher sensitivity than the existing Edman 

degradation approaches.66 Altogether, sequencing is an essential part of protein analysis as subtle 

protein sequence differences can lead to divergent functional roles. 

The earliest measurements of complex mixtures of proteins were accomplished using two-

dimensional electrophoresis (2D-E).67–69 This technique allowed resolution of complex protein 

mixtures with the primary challenge being identification of the detected species. Tandem mass 

spectrometry helped to address this challenge by analyzing peptides generated from tryptic digests 

of gel spots70–72, thus providing large-scale detection and identification of complex mixtures of 

proteins.73–75 Although 2D-E offers high resolving power, the dynamic range for protein detection 

can be limited and identification of gel spots requires coupling to mass spectrometry, increasing 

workflow complexity.76,77 Early one-dimensional chromatographic methods lacked the 

chromatographic peak capacity to match the resolution provided by 2D-E, leading to the use of 

multi-dimensional separations to demonstrate improved peak capacities and enable high proteomic 

depth (i.e. detection of large portions of the proteome) without 2D-E.77–79 The improved 

separations afforded by such techniques increased the method’s ability to resolve proteins across 

the multiple orders of magnitude of abundances observed in proteomics samples.80 To capture the 

theoretical improvements achievable with smaller particle size stationary phases, ultrahigh 
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pressure separations in capillary columns were first demonstrated in the Jorgenson group16,17 and 

have been shown to yield improved peak capacities.81,82 The introduction of commercial ultrahigh-

performance liquid chromatography (UHPLC) systems made high peak capacity peptide 

separations more accessible to the field.83,84 The use of UHPLC systems has been extensively 

combined with offline pre-fractionation of proteomics samples to enable detection of thousands of 

proteins.85–97 The development of higher resolution, more sensitive, and faster mass spectrometers 

alongside continual improvements in chromatography has paved the way for single-shot analysis, 

that is, directly analyzing a whole proteome digest with a single LC-MS/MS run.98–102 Because of 

mass spectrometry’s ability to resolve multiple co-eluting chromatographic peaks with high 

resolution, faster and more sensitive instruments can enable the analysis of more complex protein 

mixtures without pre-fractionation. Note that the detection of lower abundance proteins is 

diminished without pre-fractionation due to mass spectrometer’s ability to sample the greater 

number of peptide analytes present in the more complex samples being limited by MS/MS 

acquisition rates103 and increased co-elution leading to analyte suppression either due to ion 

suppression during electrospray ionization104–107 or limits on the intra-scan dynamic range of the 

mass spectrometer.108–111 However, initial results provide detection of many thousands of proteins 

from complex proteome samples, generating datasets that still provide much useful biochemical 

information despite not being as comprehensive of an analysis.99,112 

Work by the Mann group in 2018 introduced the BoxCar acquisition method to improve 

the limit of detection for intact peptide precursor analysis in the Orbitrap mass analyzer.108 This 

study demonstrated MS1-based evidence for more than 10,000 proteins in a mouse brain sample 

using a 100-minute gradient, representing a substantial proportion of the proteins expected to be 
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expressed in mouse brain at a given time.113 This work demonstrated that there was sufficient 

chromatographic resolution of peptides to present evidence for most of the proteins expected in 

the sample; however, the detection of all of these peptides required sacrificing most of the 

acquisition time to acquire MS1 data, and relied heavily on matching MS1 features to the retention 

times and accurate mass values for peptides successfully identified by MS2 analysis in separate 

fraction analysis. This observation suggests that focusing on improving mass spectrometry speed 

and sensitivity to allow for more effectively sampling and identification of eluting peptides would 

contribute greatly to the development of methods that provide comprehensive proteome 

characterization while maximizing throughput. 

Alongside enhancements in mass spectrometry hardware, innovations in data acquisition 

schemes have bypassed the limitations of traditional data-dependent acquisition (DDA). In data-

dependent acquisition, MS1 measurements of intact peptide precursors are performed and the 

peptide ions with the greatest signal intensity are selected for fragmentation as these are most likely 

to yield high quality fragmentation spectra. Because the instrument is making real-time decisions 

as to which precursor ions to sample for fragmentation, ion sampling exhibits a random behavior 

biased toward high intensity peptides, leading to poor overlap across replicate runs and limiting 

the sampling depth of the mass spectrometry analysis.103,114 Data-independent acquisition (DIA) 

schemes such as SWATH-MS function by repeatedly iterating over a defined m/z range with larger 

isolation windows than those used in DDA and fragmenting all the precursor ions in each window, 

leading to deterministic ion sampling.115–117 Whereas ion sampling in DDA is strictly limited by 

the scan speed of the instrument, DIA methods parallelize ion fragmentation (at the expense of 

increased spectral complexity), allowing more extensive precursor sampling that is less 



11 

 
constrained by the mass spectrometer scan speed. This feature can lead to lower limits of detection 

by alleviating the sampling bias toward high abundance peaks.118–120 For DIA methods, the depth 

of detection is limited then by the dynamic range of the LC-MS/MS method. On the mass 

spectrometer side, the dynamic range of the method (the range of analyte abundances that can be 

measured by the method) is limited by ion transmission efficiency121–123, instrument duty 

cycle124,125, intra-scan dynamic range108, analysis selectivity, and mass analyzer detection 

sensitivity. Features such as ion transmission efficiency, instrument duty cycle, intra-scan dynamic 

range, and mass analyzer detection sensitivity all continue to improve as instrument manufacturers 

further develop their hardware. For analysis selectivity, there have been many notable innovations 

that led to improved method performance. Instruments with traps for ion accumulation enable 

higher duty cycles (the percentage of time that an instrument is actively sampling/measuring an 

analyte) leading to improved method sensitivity124, but they can demonstrate limited dynamic 

range due to space charge capacity of the traps.110 Consequently, the presence of high intensity 

ions can impede the ability to detect lower intensity ions. In these cases, reducing the complexity 

of the mass spectra with a higher selectivity method reduces the chance that the dynamic range of 

the ions sampled will exceed the intra-scan dynamic range. For data-independent acquisition, using 

narrower isolation windows or reducing the number of precursors isolated per scan decreases the 

spectral complexity and improves the dynamic range of the mass spectrometry method, enabling 

detection of a wider range of analyte abundances and eliminating spectral interference for more 

confident detection and quantification.118,126–130 Note that the ability to use narrower isolation 

windows for reduced spectral complexity is constrained by the scan speed of the instrument, as the 

time required to cycle through all the isolation windows must be sufficiently fast to enable 
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adequate chromatographic peak sampling for reproducible detection and quantification.116,131 The 

m/z range that is iterated over can also be reduced to allow narrower isolation windows for better 

detection depth.132 Other approaches to reducing spectral complexity use gas-phase ion mobility 

as an additional separation prior to mass spectrometry analysis.133,134 These innovations in the data 

acquisition approach lay the groundwork for much of the work presented in this dissertation, as 

will be shown in Chapters 2 and 3. In conclusion, improvements in mass spectrometry methods 

and hardware that yield improved scan speed, resolution, and detection sensitivity are expected to 

yield higher quality proteome characterization, and evaluating and developing such technology 

and methods is the focus of this dissertation. 

Proteome Analysis with Liquid Chromatography-Tandem Mass Spectrometry (LC-MS/MS) 

A typical bottom-up proteomics workflow consists of a few steps. The first step is sample 

preparation, which typically involves sample lysis, protein extraction, digestion of proteins into 

peptides, and sample cleanup.135 With optimization for the specific sample type, this workflow 

enables analysis of proteomes from many diverse sources.136–144 For the analysis of PTMs, 

enrichment steps are typically performed to assist with detection of low stoichiometry 

modifications, as even low stoichiometry modifications can have functional implications.145,146 For 

example, phosphorylated peptides are enriched using strategies such as immobilized metal ion 

affinity chromatography (IMAC), metal oxide affinity chromatography (MOAC), 

immunoprecipitation, and ion exchange chromatography.147,148 Samples are then subjected to 

online LC-MS/MS to generate data and, owing to the large amount of data generated, automated 

data processing is required. The output of this workflow is data tables showing peptide and protein 

quantities across the samples analyzed. The comprehensive nature of these datasets allow the 
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investigation of many biological hypotheses that can enable discovery of new biological 

mechanisms by taking advantage of modern bioinformatic approaches.149,150 The work in this 

dissertation primarily aims to address challenges in the data acquisition (i.e. LC-MS/MS) stage 

with a goal of improving detection depth and throughput while maintaining high accuracy and 

reproducibility.  

In more detail, data acquisition begins with chromatographic separation of peptides followed 

by ionization. Nanoflow chromatography with electrospray ionization is a common choice for 

proteome analysis due to its high sensitivity.151,152 Following ionization, gas-phase peptide ions 

are transmitted into the mass spectrometer via the atmospheric pressure interface. From here, the 

intact masses of the peptide ions can be measured via MS1 analysis, or the peptide ions can be 

fragmented to provide sequence-informative fragment ions, enabling identification. Modern mass 

spectrometers incorporate many types of mass analyzers that offer unique advantages. For 

instance, Orbitrap analyzers provide high-resolution and mass accuracy153, quadrupole mass filters 

enable isolation of ions for downstream analysis154, quadrupole ion traps allow fast and sensitive 

detection155, and time-of-flight (TOF) analyzers provide rapid scan speeds156 with modern TOFs 

capable of high resolution and mass accuracy.157 

After collecting LC-MS/MS data, data processing begins by performing an in silico digest of 

a protein sequence database to generate a list of peptides that could be observed. For each peptide, 

either the theoretically observable fragment ion masses are calculated or fragmentation spectra are 

predicted using machine learning methods.158–162 Then, the mass spectral data is searched against 

these potential peptides with error rates being controlled via the target-decoy approach.163 The 

intensity of peptide signals are integrated to generate quantitative values for each peptide, which 
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are then rolled up into ‘protein groups’ quantities, where protein groups are generated from the 

different proteins from which the peptide sequences could arise. This process, known as protein 

inference, involves a level of ambiguity as each digested protein can generate many peptides but 

peptide sequences might not be unique to a specific protein.164 This ambiguity as to which proteins 

a peptide comes from is a key motivation for developments in ‘top-down proteomics’, where 

proteins are directly analyzed without a digestion step,  the analytical challenges of which are 

beyond the scope of this dissertation.165 Even with this ambiguity, bottom-up proteomics can 

provide comprehensive insight into the state of different biological systems. These workflows have 

been developed over many years and have already been successfully applied to many biological 

applications.166–171 However, there remain outstanding challenges in the methodologies that could 

be improved to enhance data quality and the value of the proteomics methods. 

Two key performance characteristics for proteomics analysis are depth and throughput. The 

depth of a proteomics method refers to the portion of the proteome a method can measure. 

Typically, proteomics methods are biased towards detection of higher abundant proteins, so a 

method with improved depth enables the detection of lower abundance proteins.80 Achieving better 

proteomic depth increases the discovery potential of a study by enabling detection of a larger 

variety of proteins that might be involved with the biological mechanisms being investigated. As 

technology has developed, the depth achievable in a proteomics study has improved, although 

achieving comprehensive characterization frequently requires much longer analysis times, making 

deep proteome coverage out of reach for more routine analyses.172 This point illustrates the 

constraints on analysis throughput when performing proteomics. Modern mass spectrometers are 

very expensive, and operation represents one of the most expensive parts of the workflow, so the 
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shorter it takes for data acquisition, the less the effective cost of the analysis due to decreased 

instrument usage. Additionally, larger numbers of samples are required to increase statistical power 

when working with human samples that exhibit substantial variance or trying to measure more 

subtle changes in the proteome, making analysis throughput more important to facilitate larger 

scale studies.112 Generally, there exists a trade-off between the throughput and depth of analysis, 

but the demand for higher throughput methods also opens opportunities for innovation to improve 

the depth of detection achievable in shorter analysis methods. Overall, the improvement of the 

depth and throughput achievable would make comprehensive proteome analysis more accessible 

and enable larger-scale analyses for enhanced biological insight. Enabling deeper and more 

reproducible proteome coverage while enhancing throughput constitutes the main analytical 

challenges addressed in this dissertation as will be demonstrated by the following three studies. 

As previously discussed, the presence of post-translational modifications (PTMs), such as 

phosphorylation, can have large effects on biological outcomes, making their measurement of great 

importance. However, deep phosphoproteome analysis with high throughput analysis remains 

challenging, with recent studies achieving limited coverage of the phosphoproteome173 or 

requiring extensive library construction to achieve high depth.134,174 To address some of the 

challenges in phosphoproteome analysis, Chapter 2 introduces a new phosphoproteomics method 

developed on a novel mass spectrometer platform, the Orbitrap Astral, leading to substantial 

improvements in depth of coverage and analysis throughput through the use of narrow isolation 

window DIA. This method is shown to demonstrate high reproducibility, quantitative linearity, and 

site localization accuracy. Application of this method to characterize phosphorylation of different 
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mouse tissues results in an updated phosphorylation atlas of the mouse that serves as a valuable 

resource for the proteomics and broader biochemistry communities. 

For standard proteome analysis, improved throughput is also desired. A common strategy for 

improved proteomics throughput is multiplexed analysis through chemical derivatization. A 

popular instantiation of this strategy is the use of isobaric tags, such as tandem mass tags (TMT), 

which involve derivatizing peptides with labeling reagents that impart a unique mass tag for each 

sample to be analyzed. This strategy is widely used and has been very successful, but suffers from 

multiple limitations, including high reagent cost, more complex sample preparation, and 

substantial quantitative bias.175 Another approach to improved throughput has been focused on the 

chromatographic separation.  As mass spectrometers have become faster and more sensitive, these 

instruments have become less of a constraint, leading to the chromatographic separation being 

more of a throughput bottleneck. The use of short chromatographic separations has been frequently 

employed176–184, although shorter gradients generally decrease proteome depth and worsen 

quantitative precision and accuracy. For the nanoflow chromatography often used in proteomics 

for its high electrospray sensitivity, the low flow rates make sample loading and column 

washing/equilibration significant fractions of the total analysis time, especially as gradient 

separations become shorter. This factor has led some researchers to parallelize the sample loading 

and column washing/equilibration steps (often referred to as the LC overhead) on one column with 

the gradient separation on a second column.185–198 While this approach does make better use of the 

mass spectrometer by minimizing dead time, the throughput can still be limited by gradient length, 

which must be long enough to yield acceptable method performance. To provide an alternative 

strategy for improved throughput, Chapter 3 introduces the SynchroSep-MS method, which 
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introduces a new paradigm for sample multiplexing for proteome analysis to allow the analysis of 

multiple samples at the same time without the need for chemical derivatization. This method 

performs multiple liquid chromatography separations on multiple columns into a single mass 

spectrometer and uses a retention time offset to enable analysis of multiple samples at once. The 

initial implementation of this method enabled up to ~50% improvement in analysis throughput 

while maintaining most of the proteomic depth achievable with a conventional method and 

demonstrating high reproducibility and quantitative reliability. These results demonstrate how the 

increased scan capacities and high sensitivity of modern mass spectrometers can tolerate increased 

spectral complexity and enable this new approach to multiplexed sample analysis.  

During the implementation of the SynchroSep-MS method, it was determined that the 

positioning of the emitters relative to the inlet was of particular importance to effective method 

implementation. Further review of the literature identified a need for a general characterization of 

how emitter positioning impacts signal intensity, especially for the high-capacity inlet capillary 

employed by multiple Thermo Fisher Scientific mass spectrometers. These platforms represent a 

significant portion of those used widely for proteome analysis.199 Chapter 4 presents a detailed 

characterization of the effect of emitter positioning on signal intensity in nanoflow electrospray 

ionization. This analysis utilizes a similar nanoflow setup to those widely employed in the field of 

proteomics and uses a tryptic digest of bovine serum albumin (BSA) to mimic typical bottom-up 

proteomic samples. The analysis demonstrates that emitter positioning results are consistent across 

the many peptides in the sample, suggesting that emitter positioning does not need to be separately 

optimized for different analytes, an important finding for the analysis of complex proteomics 

mixtures. Additionally, practical recommendations of positioning tolerances to improve 
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reproducibility in proteome analysis are provided. Finally, the results suggest approaches for 

minimizing variance across emitters to improve the performance of the SynchroSep-MS method. 

The research described in each of these chapters addresses key challenges in proteome analysis 

via LC-MS/MS workflows. With proteomic samples representing some of the most complex 

mixtures found in nature, the work described in this dissertation presents a notable contribution to 

the field of analytical chemistry. 
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Abstract 

Owing to its roles in cellular signal transduction, protein phosphorylation plays critical 

roles in myriad cell processes. That said, detecting and quantifying protein phosphorylation has 

remained a challenge. We describe the use of a novel mass spectrometer (Orbitrap Astral) coupled 

with data-independent acquisition (DIA) to achieve rapid and deep analysis of human and mouse 

phosphoproteomes. With this method, we map approximately 30,000 unique human 

phosphorylation sites within a half-hour of data collection. The technology is benchmarked to other 

state-of-the-art MS platforms using both synthetic peptide standards and with EGF-stimulated 

HeLa cells. We apply this approach to generate a phosphoproteome multi-tissue atlas of the mouse. 

Altogether, we detect 81,120 unique phosphorylation sites within 12 hours of measurement. With 

this unique dataset, we examine the sequence, structural, and kinase specificity context of protein 

phosphorylation. Finally, we highlight the discovery potential of this resource with multiple 

examples of novel phosphorylation events relevant to mitochondrial and brain biology.  
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Introduction 

Protein phosphorylation is an essential post-translational regulatory mechanism for myriad 

cellular functions including apoptosis, inflammation, metabolism, proliferation, protein 

trafficking, and many others.1 Global detection of which proteins, and perhaps most importantly 

which residues, are subject to this dynamic modification has been a key technological gap for 

decades.2 In the early 2000s, key advancements in technologies to enrich phosphorylated peptides 

– prior to mass spectrometry (MS) analysis – enabled a new era of large-scale phosphorylation 

discovery experiments.3–13 The evolution of that work, combined with gradual, but steady, 

improvements in both MS hardware and data analysis tools make it possible to map and quantify 

thousands of phosphorylation sites in a single experiment.14–27 Still, current phosphoproteomic 

analyses are neither routine nor straightforward when compared to protein detection and 

quantification. 

Phosphoproteome analysis remains challenging due to four main requirements: need for 

site localization, dynamic range, reproducibility, and throughput. The quality of the tandem mass 

spectra required to determine precisely upon which residue the phosphoryl group resides is higher 

than that required to identify an unmodified peptide. Alternative dissociation methods, such as 

electron transfer dissociation (ETD), and improved mass resolving power and accuracy are both 

strategies that can aid in improving spectral quality and increasing the likelihood that the detected 

site can be localized with high confidence.15,21,28,29 Additionally, sensitivity and dynamic range of 

the mass analyzer can also be important for detection of low level, but critical, product ions.11,23,27 

Next, the often sub-stoichiometric amounts of phosphorylated protein elevates the difficulty.2,13,17–

19 Beyond that, previous studies demonstrate that this dynamic range problem is further 



43 

 
exacerbated in that ~10% of detected phosphopeptides account for ~80% of the observed signal.30 

This tremendous dynamic range necessitates both enrichment of phosphorylated peptides and 

chromatographic fractionation ahead of conventional capillary liquid chromatography tandem MS 

(nLC-MS/MS).2,17,18 

Phosphorylation site quantification is often essential to elucidating biological insight.17 The 

requirements outlined above also add challenges to achieving this goal. Quantification of a protein, 

for example, is done by summing the signals of multiple unique peptides all stemming from that 

single protein. Thus, if a single peptide is not reproducibly detected, the overall measurement can 

still be made. But unique phosphopeptides cannot be summed with other signals; they must be 

reproducibly and reliably detected from one sample to the next. Such demands make performing 

truly large-scale (i.e., > 100 samples) comparisons of phosphoproteomes very difficult.18 Finally, 

getting sufficient depth to detect targets of a particular kinase, for example, might require extensive 

fractionation, as discussed. However, scaling that experiment to multiple conditions or samples is 

often not possible from a throughput perspective, despite all the caveats noted. We conclude that 

global and quantitative phosphoproteomics technologies require improvement to enable routine 

and truly large-scale phosphoproteome measurements. 

Recently, a new type of mass analyzer has been described – the Asymmetric Track Lossless 

analyzer (AstralTM). The Astral analyzer can achieve high resolving powers (~80,000) and mass 

accuracy (5 ppm), single ion detection limit, and MS/MS scan speeds up to 200 Hz.31,32 Here we 

describe the use of a quadrupole-OrbitrapTM-Astral hybrid MS instrument for the analysis of 

phosphopeptides. Specifically, we examine the ability of this system to perform MS/MS scans of 

complex mixtures of phosphopeptides separated over durations ranging from 7 to 60 minutes. We 
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examine the performance of these methods for various peptide mass loads and data acquisition 

settings as a function of detected and localized phosphorylation sites and overall reproducibility. 

Validation of site localization and quantification was accomplished using synthetic 

phosphopeptide standards spiked into a yeast phosphopeptide background. Next, we benchmarked 

the performance of our Orbitrap Astral method against an Orbitrap Ascend and a previously 

described timsTOF Pro method by replicating an EGF stimulation of HeLa cells.33 Finally, we 

leverage this technology to collect an atlas of phosphorylation in the mouse – generating tens of 

thousands of localized phosphorylation sites from each of twelve unique tissues. With these data 

we present, to our knowledge, the deepest mouse phosphoproteome collected in a single study. 

Using this atlas combined with AlphaFold predicted protein structure34, we confirm existing 

hypotheses that most phosphorylation events are directed towards unstructured regions of 

proteins.35–37 The incorporation of a previous kinome atlas allows investigation of tissue-specific 

kinase activity.38 We additionally provide examples of how our novel resource can be mined for 

key phosphorylation events on biologically relevant proteins. 
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Results  

 

Rapid phosphopeptide analysis with the Orbitrap Astral mass spectrometer. 

Owing to its fast MS/MS scan rate and high sensitivity, we hypothesized that the Orbitrap 

AstralTM mass spectrometer could resolve many of the aforementioned challenges in analyzing 

phosphoproteomes. Specifically, the Orbitrap Astral MS comprises a conventional quadrupole-

Orbitrap coupled with a new mass analyzer (Astral, Figure 2.1A). The combination of low ion 

losses and single ion detection drives the high sensitivity of the Astral analyzer, while very fast 

MS/MS scan rates allow it to cycle through large numbers of targets. In a typical Orbitrap Astral 

method, the Astral analyzer is set to generate 200 MS/MS spectra per second while the Orbitrap 

analyzer in parallel generates slower high resolution and high dynamic range MS data.31 

To test the utility of the Orbitrap Astral MS for the analysis of phosphopeptides, we purified 

tryptic phosphopeptides from HEK239T cells, loaded them onto a nanoflow capillary column with 

a pulled electrospray emitter39, and eluted them into the Orbitrap Astral mass spectrometer. For 

this initial experiment, we utilized a data-dependent acquisition (DDA) method wherein MS scans 

were acquired in the Orbitrap analyzer while MS/MS scans were collected using the Astral 

analyzer. Figure 2.1B represents an example single-scan tandem mass spectrum that was identified 

following a traditional MaxQuant database search.25,40 Here, a triply-protonated precursor having 

m/z value of 623.6314 and a sequence of RPsQNAISFFNVGHSK was selected, dissociated with 

beam-type collisional activation (HCD), and analyzed in the Astral analyzer– all within 5 ms. In 

total, from this single 30-minute nLC-MS/MS DDA experiment, we collected 3,201 MS and 

174,944 MS/MS scans, from which we identified 12,327 phosphopeptides corresponding to 9,537  
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Figure 2.1. Overview of Orbitrap Astral MS and its key figures of merit. (A) Orbitrap Astral 

instrument schematic, highlighting the quadrupole, Orbitrap, and Astral analyzers. (B) Tandem 

mass spectrum of representative phosphopeptide collected using the Astral analyzer. (C) 

Distribution of Astral analyzer resolving power as a function of mass from phosphopeptide product 

ion spectra collected here. (D) Phosphopeptide product ion mass measurement error from Astral 

analysis. Image Description  
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unique sites of phosphorylation. Note a previous study using the Orbitrap Tribrid platform with a 

DDA method reported a depth of ~9,500 phosphosites following a 120-minute method.20 These 

MS/MS scans were collected within ~6.3 ms on average, enabling fast sampling of selected 

precursors, and sometimes exhausting the precursors available to sequence. Next, we investigated 

the Astral analyzer’s capabilities by plotting the measured resolving power (Figure 2.1C) and mass 

accuracy (Figure 2.1D) for these product ions. The upper bound of observed resolving powers 

likely correspond to peaks with low numbers of ions, whereas the lower bound presumably arises 

from high intensity peaks exhibiting space charging.31 Note the Astral resolving power persists 

with increasing m/z value. Finally, mass accuracy, as measured for these product ions, was within 

5 ppm for 95% of the measurements. 

With the exceptional speed of the Astral mass analyzer, combined with its ability to deliver 

high mass resolution and accuracy, we next wondered how this instrument would perform for DIA 

analysis of phosphopeptides.33,41–45 Accordingly, we analyzed the same tryptic phosphopeptide 

mixture using a DIA method. The speed of the Astral analyzer allowed for use of DIA windows as 

narrow as 2 m/z across the range of 380 to 980 m/z while still maintaining a cycle time of 1.5 

seconds. This scan method is visualized in Figure 2.2A with the high-resolution Orbitrap MS 

scans (240K resolving power) denoted in blue (~0.6 s cycle time) and the Astral MS/MS scans 

depicted in red.  

A 250-ng injection of tryptic phosphopeptides was analyzed with a 30-minute nLC 

separation and the DIA method described above (see Figure 2.3A for the base peak 

chromatogram). The resultant data was searched both with Spectronaut and a developmental build 

of CHIMERYS (see Methods). From the Spectronaut search, we localized 29,190 phosphorylation  
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Figure 2.2 Overview of DIA phosphoproteomics on the Orbitrap Astral MS. (A) Illustration 

of DIA acquisition scheme. (B) Average number of localized phosphorylation sites identified using 

DIA method with various isolation widths for n=3 injection replicates. Error bars indicate 

maximum and minimum observed values. (C) Evaluation of phosphopeptide loading mass on 

performance. Data was collected with a 30-minute active gradient and 2 m/z DIA isolation width. 

(D) Effect of gradient length on performance. Points represent the average across n=3 injection 

replicates. Error bars indicate maximum and minimum observed values. (E) Evaluation of 

phosphosite identification reproducibility (for results from (D)). (F) Evaluation of phosphosite 

quantitative precision. The relative standard deviation of phosphosite quantities is shown for 

phosphosites detected across triplicate injections with the median value displayed for each active 

gradient length. (G) Comparison of External (maize/human entrapment experiment) and Internal 

(Spectronaut) FDR on precursor level. (H) Phosphoproline Decoy Search to test reliability of 

localization algorithm. The cumulative distribution of localization probabilities is shown for 

phosphorylation events at different amino acids. (I) Average site localization error rate as a 

function of localization probability cutoff. Synthetic phosphopeptide standards spiked into a yeast 

phosphopeptide background were used as a ground truth for error rate determination. (J) The 

distribution of R2 values for linear calibrations curves is shown for phosphopeptides standards 

detected in at least three concentrations across a five-point dilution series into a constant yeast 

phosphopeptide background. Image Description 
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sites (Figure 2.2B, see Figure 2.4A for comparison of Spectronaut and CHIMERYS, and Figure 

2.4B and Figure 2.4C for phosphopeptide multiplicity and localization probability distributions, 

respectively). We note that the use of a wider DIA window (4 m/z) produced 14% fewer localized 

phosphorylation sites. Next, we examined the impact of loading amount on performance using a 

dilution series ranging from 1 µg to 50 ng loaded on column (Figure 2.2C). We note that similar 

results are obtained down to 250 ng loads. The sensitivity of the system is evident in that a 50-ng 

load produced ~60% of the detected sites observed with a 1 µg load. To determine whether the 

Astral scan speed would allow for increased throughput, we next evaluated a range of active 

gradient lengths (Figure 2.2D, Figure 2.3A). A four-fold reduction in gradient length (30 to 7 

minutes) results in just a ~20% reduction in localized phosphorylation sites. Additional method 

parameters are justified in the Methods. 

To determine the impact of gradient length on reproducibility, we performed two additional 

analyses. First, we examined identification reproducibility across triplicate injections (Figure 

2.2E). The 7- ,15-, and 30-minute active gradient methods resulted in 56.7%, 61.8%, and 62.7% 

of phosphosites detected across all three injection replicates, respectively. Second, we assessed 

quantitative precision by determining percent relative standard deviation (RSD) of 

phosphorylation sites detected across all three replicates (Figure 2.2F). The 15- and 30-minute 

active gradients achieved median RSDs of 10.9 and 12.6%. Not unexpectedly, the 7-minute active 

gradient method has considerably reduced precision (21.4% median RSD), most likely due to 

insufficient sampling across the narrower elution peaks (Figure 2.3B-E).  

Since these data were collected with a novel mass analyzer and new instrument, we next 

sought to ensure that the phosphosites were identified and localized accurately. To test this, we  
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Figure 2.3 Chromatographic Properties of HEK293T Phosphoproteomics Datasets. (A) 

Representative chromatograms for different gradient lengths. The base peak chromatograms for 

the three different active gradient lengths are shown with the gradient composition curve plotted. 

The distribution of (B) chromatographic baseline widths, (C) MS1 points across the baseline peak, 

and (D) MS2 points across the baseline peaks are shown with the median value indicated in the 

violin plot and printed above for three different active gradient lengths. The values were estimated 

by multiplying chromatographic FWHM, MS1 points across FWHM, and MS2 points across 

FWHM reported by Spectronaut 17 by 1.7 (based on the 4σ baseline width of a Gaussian 

distribution where 4σ ≈1.7 * FWHM). (E) The cycle times for the MS1 and MS2 scan sequences 

are shown as a function of RT. Image Description  
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first performed an entrapment search with a combined human and maize protein database.46 In this 

experiment, which is commonly used to evaluate internal false discovery rate (FDR), maize false 

identifications allow for the calculation of an external FDR. The results of this analysis are shown 

in Figure 2.2G, where internal and external FDR is plotted for all precursors and phosphopeptide 

precursors. For lower q-values the internal and external FDRs disagree; however, these curves 

converge at approximately the 1% FDR threshold, suggesting that the identifications reported here 

are reliable. We conclude that, as the DIA software tools continue to evolve and are adopted for 

the new data type, this discordance will be diminished. 

In the case of phosphoproteomics, peptide identification is not the final result – the site of 

phosphorylation is ideally localized to a specific residue with confidence. To evaluate the quality 

of phosphosite localization, we searched these data with phosphorylated proline as a variable 

modification where any detected proline phosphorylation is false.47 S, T, and Y all have a 

significant amount of highly confident localized phosphosites whereas the P does not (Figure 

2.2H, Figure 2.4H). To further explore localization confidence, we analyzed a set of synthetic 

phosphopeptide standards that had been spiked into a complex mixture yeast tryptic 

phosphopeptides at various concentrations. Note this same 225 synthetic phosphopeptide mix has 

been used by others and thereby provides a means of both assessment and comparison41,48; 

specifically, the experiment allows for calculation of localization error rate based on ground truth 

knowledge. From these data we conclude that, depending on localization probability cutoff, the 

error rate ranges between 1 and 5 percent, a similar trend as the previous study (Figure 2.2I, Figure 

2.5A).41 Figure 2.5B demonstrates that we retain the majority of correct precursors even at more 

stringent localization probability cutoffs. Taken together, these results confirm that a library-free  
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Figure 2.4. Evaluation of Phosphoproteomic Method and Processing Parameters. (A) The 

average number of localized phosphosites across triplicate injections for three different gradient 

lengths is shown for searches in Spectronaut (blue) and CHIMERYS in Proteome Discoverer 3.1 

(gray). The error bars represent the maximum and minimum value across the triplicates. (B) The 

average number of phosphopeptides and multiplicity distributions are shown for the data in Figure 

2.2B. (C) The site localization probability distributions are shown for the data in Figure 2.2B with 

the median value indicated above. (D) The average number of phosphosites detected across two 

replicate injections in EGF-stimulated HeLa cells are shown for two different DIA m/z ranges. 
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Error bars indicated the maximum and minimum number of phosphosites. (E) The average number 

of phosphosites detected across two replicate injections in EGF-stimulated HeLa cells are shown 

for two different AGC target values. Error bars indicated the maximum and minimum number of 

phosphosites. (F) The MS2 total ion current distributions are indicated for the two AGC targets in 

Figure 2.4E. (G) The distributions of MS2 injection times are indicated for the two AGC targets 

in Figure 2.4E. (H) Histograms of localization probabilities for S, T, Y, and P residues are shown 

as an alternative visualization for the phosphoproline decoy search results in Figure 2.2H. Image 

Description 
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DIA search, using MS/MS spectra from an Astral analyzer, can reliably detect and localize 

phosphorylation sites. 

The aforementioned phosphopeptide standards also provided an opportunity to evaluate 

quantitative linearity.42,48 To accomplish this, phosphopeptide standards were diluted from 10,000 

to 39 attomole (per standard, on-column) into a constant complex mixture of yeast tryptic 

phosphopeptides. Using the 15-minute DIA Orbitrap Astral method, we analyzed the various 

spike-in samples and then calculated the linear fit between the observed MS intensities and the 

load amount. Figure 2.5D displays three randomly chosen curves while Figure 2.2J confirms that 

the majority of the phosphosite calibration curves have R2 values greater than 0.95, indicating good 

quantitative linearity. Figure 2.5C confirms that even at loads as low as 39 attomole, half of the 

phosphorylation sites were detected across all three injections. Finally, we note that the 

phosphopeptide standard intensity distributions observed across the dilution series overlap with 

the yeast phosphopeptide intensity distribution (Figure 2.5E). Together, these results demonstrate 

that our method exhibits reliable detection and quantification over the concentration range 

typically observed in phosphoproteomic analysis. 

Comparison of Orbitrap Astral to other phosphoproteomics platforms 

To compare the performance of the Orbitrap Astral to other phosphoproteomics platforms 

we replicated the HeLa EGF stimulation experiment as previously reported by Skowronek et al. 

using the timsTOF Pro hybrid mass spectrometer with dia-PASEF acquisition.33 Briefly, we 

cultured HeLa cells in triplicate followed by 15 minutes of EGF stimulation, cell lysis, protein 

extraction, trypsin digestion, and phosphopeptide enrichment. The resulting phosphopeptide 

samples were then analyzed with a 15-minute active gradient, closely replicating the total 
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Figure 2.5. Validation of Site Localization and Quantification using Synthetic 

Phosphopeptide Standards. (A) The localization error rates shown in Figure 2.2I are compared 

to the values previously reported by Bekker-Jensen et al.41 alongside the error rates calculated 
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following re-analysis of the data from Bekker-Jensen et al. with the same protein database and 

Spectronaut workflow used in this study. (B) The average number of correctly identified precursors 

as a function of localization probability cutoff are shown for the dataset in Figure 2.2I. (C) The 

detection completeness of synthetic phosphosites across triplicate injections is shown as a function 

of the column load for the data in Figure 2.2J. (D) Calibrations curves for three randomly selected 

synthetic phosphosites are shown from the synthetic phosphopeptides dilution series dataset. 

‘S121-S3’ indicates the phosphorylation serine at position 3 for phosphopeptide standard 121. (E) 

The distribution of phosphosite intensities (Spectronaut’s PTM.Quantity value) for the synthetic 

phosphopeptide standards and yeast phosphopeptides are shown in blue and black, respectively, 

for each of the dilution series points. The median intensity for the phosphopeptide standards and 

yeast phosphopeptides is indicated on each plot with a blue and black dotted line, respectively. 

Image Description 
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acquisition time for the Skowronek et al. publication, with detection using either the Orbitrap 

Astral or Orbitrap AscendTM Tribrid mass spectrometers. To enable a direct comparison, we 

searched our raw files and those from the Skowronek et al. study with the same protein database 

and Spectronaut library-free method. Figure 2.6A shows the phosphoproteomic depth and 

completeness across triplicates for all three datasets. The Orbitrap Astral method provided the 

deepest phosphoproteomic analysis and yielded near 60% phosphosite completeness across 

replicates from approximately three-fold more localized sites as compared to either the timsTOF 

Pro or Orbitrap Ascend instruments. Note the Orbitrap Ascend is not optimally operated in DIA 

mode given its slower scan speed; however, we chose to use a DIA method for direct comparison. 

Interestingly, the Orbitrap Ascend generated the highest level of phosphosite overlap of all three 

instruments at 64%.  

To examine the dynamic range of detected phosphorylation sites across platforms we 

plotted the intensity distributions of phosphorylation sites detected in all three replicates using only 

the EGF-stimulated data. Figure 2.6B and Figure 2.6C present the Orbitrap Astral intensity 

distributions with overlapping sites indicated for either the timsTOF Pro or Orbitrap Ascend 

datasets, respectively. Both plots reveal that the unique phosphosites in the Orbitrap Astral dataset 

are biased toward lower intensities. In contrast, unique phosphosites for the timsTOF Pro dataset 

are distributed more evenly across the intensity range (Figure 2.6D). These observations suggest 

that our Orbitrap Astral exhibits improved sensitivity, resulting in a larger dynamic range. Note 

the Orbitrap Astral and Ascend shows higher overlap as compared to the timsTOF Pro (Figure 

2.6E); we suppose this difference is likely due to variation in EGF treatment and sample 

preparation. 
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Figure 2.6. Biological validation of phosphoproteomics platforms using EGF stimulation. (A) 

Reproducibility of detected phosphosites across biological triplicates for three phosphoproteomics 
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platforms – Orbitrap Astral, Orbitrap Ascend, and timsTOF Pro.33 Intensity distribution of 

phosphosites consistently detected (3 out of 3 EGF stimulated replicates) by Orbitrap Astral with 

overlap indicated for (B) timsTOF Pro and (C) Orbitrap Ascend. (D) Intensity distribution of 

phosphosites consistently detected (3 out of 3 EGF stimulated replicates) by timsTOF Pro with 

overlap indicated for Orbitrap Astral. (E) Venn diagram of phosphosites detected across all three 

mass spectrometry platforms. (F) Volcano plots of phosphosites between EGF stimulation and 

control across platforms with phosphosites meeting the differential expression criteria (fold-

change >2, p-value < 0.05 via two-sided t-test without multiple testing correction) indicated in 

blue and EGFR phosphosites labeled. (G) Pathway enrichment analysis using the NCATS 

BioPlanet terms was performed for the three platforms with EGF/ERBB-associated terms 

indicated in blue. Image Description 
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To see how this performance variation translates to biological discovery we performed a 

differential expression analysis between control and EGF-stimulated samples for all three datasets 

(Figure 2.6F). Each datapoint in these plots presents a phosphorylation site with the differentially 

expressed ones highlighted in blue. Phosphorylation sites occurring directly on the EGFR are 

labeled, many of which are detected across all platforms. To further compare, we performed a 

pathway enrichment analysis from each dataset (Figure 2.6G) – all three platforms had the 

EGF/EGFR signaling pathway as the top enriched term. We conclude that despite differences in 

treatment, sample preparation, and instrumentation, all technologies could arrive at the same 

biological conclusions.  

Deep phosphoproteome analysis of the mouse 

Having demonstrated the speed and sensitivity of the Orbitrap Astral MS for reliable 

identification of phosphopeptides, we next sought to leverage this methodology to generate a 

comprehensive phosphoprotein atlas of the mouse. In 2010, Huttlin and co-workers described the 

first mouse phosphoproteome atlas, reporting 35,965 phosphorylation sites detected following 10 

days of mass spectrometry analysis and serving as a valuable reference point for this study.49 

Figure 2.7A presents our overall experimental design wherein proteins were isolated, digested, 

and enriched for phosphorylation from 12 distinct tissues. For each tissue, the purified 

phosphopeptides were separated offline and concatenated into four fractions, each of which were 

analyzed using a 15-minute DIA nLC-MS/MS method on the Orbitrap Astral MS. In total, this 

experiment required 12 hours of active data acquisition time and resulted in the detection of 81,120 

unique phosphorylation sites. Note to provide complementary protein abundance we separately  
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Figure 2.7. Mouse Phosphorylation Atlas Workflow and Results. (A) Mouse Phosphorylation 

Atlas Workflow. (B) Mouse Tissue Phosphoproteomic Analysis. Numbers of unique 

phosphorylation sites are shown for each tissue and the total unique sites with the fraction of S,T, 

and Y localizations indicated. The Huttlin et al. results49 were generated by researching the raw 

data in MaxQuant using the same protein database used in this study. (C) Tissue Specificity of 

Detected Phosphorylation sites. The y-axis indicates the number of tissues in which a phosphosite 

was detected. (D) and (E) Intensity distributions for phosphorylation sites detected in a given 

number of tissues for this study and by Huttlin et al., respectively. For the distributions in (D) and 

(E), the 0.1, 0.25, 0.5, 0.75, and 0.9 percentiles are indicated with the lower error bar, lower box 

bound, center box line, upper box bound, and upper error bar, respectively. Each distribution was 

generated by down-sampling to 1000 datapoints from the phosphosite categories in (C). Image 

Description 
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Figure 2.8. Proteomic Profiling of Mouse Tissues. (A) Results from Mouse Tissue Proteomic 

Analysis. The numbers of protein groups are indicated for each tissue, with common protein groups 

highlighted in green, those unique to Huttlin et al. in yellow, and those unique to this study in blue. 

The Huttlin et al. results were generated by analyzing raw data in MaxQuant, employing the same 

protein database utilized in this study. (B) Principal Component Analysis (PCA) based on protein 

expression of common proteins between two studies. (C) PCA loading plot of first two components 

from (B) with highlights of HBB1 and HBB2 proteins. (D) The same PCA as (B) but Component 

2 and Component 3 visualized. Image Description 
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analyzed non-enriched peptides from each tissue (Figure 2.8). 

Depending upon the source tissue, the number of identified phosphorylation sites ranged 

from approximately 20,000 to 40,000 sites (Figure 2.7B). Of the 81,120 unique sites identified, 

61,088 were localized to S; 16,276 localized to T; and 3,756 to Y. It is noteworthy that ~4.6% of 

the total sites identified stem from pY. Previous studies have placed this number closer to ~2% and 

often rely on pY-specific antibodies for enrichment of this perhaps most functionally important 

phosphorylation site.30,50 We suppose that the increased sensitivity and depth afforded by this new 

analyzer permits the detection of these low-expression phosphorylation events (Figure 2.9C). Also 

shown in Figure 2.7B are the results, by tissue, from the previous mouse atlas. Note these raw 

data were reprocessed using MaxQuant with the matching protein database and filtered using 

similar quality metrics. On a per tissue comparison, the method leveraged here provides a 5-fold 

boost in the number of localized phosphorylation sites in approximately 1/24th the time. 

Next, we plotted the distribution, by tissue, of phosphorylation sites and whether they were 

detected in both studies (Figure 2.9Figure 2.9A). Despite the age and strain differences between 

mice, and the dynamic nature of phosphorylation, we see good overlap in detection of sites (median 

55.3%). Tissue-specificity was also plotted (Figure 2.7C and Figure 2.9B) and compared to 

Huttlin et al. In both studies, a large portion of phosphorylation sites appear to have single tissue 

specificity; however, our results indicate that a sizeable number of sites are detected across all 

twelve tissues. This result contrasts with the Huttlin work and likely stems from the increased 

sensitivity and reproducibility afforded by the new analyzer and DIA method. With this result, we 

expect that many sites may indeed be present across all tissues and that further improvements in 

sensitivity and reproducibility are likely needed to detect them. This hypothesis is further evinced  
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Figure 2.9. Mouse Phosphorylation Atlas Comparison to Huttlin et al. (A) Overlap of 

phosphorylation sites detected in this study and by Huttlin et al.51 (B) Heatmap showing the 

relative intensities of phosphosites detected across tissues. Note that there are many 

phosphorylation sites with similar intensities across all tissues, but each tissue tends to have 

clusters of phosphosites that are uniquely high intensity (C) Normalized distribution of 

phosphorylation site intensities for S, T, and Y localizations. Image Description 
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by the results shown in Figure 2.7D-E, where we examined the detected peak intensities for each 

site as a function of how many tissues in which it was observed. From these data, both studies 

show concordance between number of tissues detected and overall signal strength (i.e., 

abundance). 

Furthermore, we compared our comprehensive phosphoprotein atlas of the mouse with the 

most recent multi-tissue study conducted by Giansanti and co-workers.52 Similar to our sample 

preparation, the phosphopeptides from multiple tissues were offline fractionated and further 

concatenated into 4 samples. These samples were measured using a 90-minute gradient DDA on 

the Q Exactive Orbitrap HF MS system. Despite a 6-fold shorter measurement time, the Orbitrap 

Astral detected 2-3 times more phosphosites per tissue, with improved agreement with our dataset 

compared to Huttlin et al. (median 64.2% versus 55.3%; Figure 2.10A). Interestingly, Giansanti's 

study shows a similar trend towards a higher number of sites that are present across all tissues 

(Figure 2.10B). The portion of pY in this study is 1.1% (Figure 2.10C), which additionally 

highlights the capability of combining Astral sensitivity with DIA acquisition to enable the 

detection of 4.6% pY in our data. 

Phosphorylation sites in the context of protein sequence and structure 

Phosphorylation sites within proteins exhibit a specificity determined by both the sequence 

and structural motifs. In our investigation, we sought to unravel this specificity by clustering 

phosphorylation sites and their flanking regions. To achieve this, we computed all pairwise 

comparisons of phosphosite sequences (site and five amino acids in both C and N-terminal 

direction) and projected this comparison onto a 2D plane using the t-SNE algorithm (Figure 

2.11A). Notably, our analysis highlighted the importance of the phosphorylated amino acid as a  
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Figure 2.10. Mouse Phosphorylation Atlas Comparison to Giansanti et al. (A) Overlap of 

phosphorylation sites detected in this study and by Giansanti et al.52 (B) Tissue Specificity of 

Detected Phosphorylation sites, excluding the pancreas, brain, and gastrocnemius tissues from 

comparison. The y-axis indicates the number of tissues in which a phosphosite was detected. (C) 

The total number of S, T, Y phosphorylation sites are shown for this study and Giansanti et al.52 

The percentage of the total sites occurring on phosphotyrosine residues is indicated for both 

studies. Image Description 
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major factor driving separation (Figure 2.11B). That is clusters 1-8 are Ser-based, while 9 is Tyr-

based, and 10-12 are Thr-based. Intriguingly, upon repeating the analysis while excluding the 

phosphorylated amino acid from binary comparisons (Figure 2.12A), we identified predominant 

clusters organized by specific motifs (Figure 2.12B), such as S/T-P (cluster 1), and RXX-S/T 

(cluster 9). Proline-directed protein kinases demonstrate a preference for phosphorylating serine 

or threonine residues immediately preceding a proline residue in proteins. Prominent examples of 

such kinases include extracellular signal-regulated kinases (ERKs) and cyclin-dependent kinases 

(CDKs). Leveraging annotations from the PhosphoSitePlus database53, our analysis revealed that 

the majority of ERK/CDK annotated phosphorylation sites belong to the S/T-P cluster (Figure 

2.11C). Note there is limited representation of Y in clusters 1 and 9, even though the 

phosphorylated residue was not considered in this analysis (Figure 2.11D). These data confirm 

known biology that Y is not a substrate for P and R-directed protein kinases.54 

To explore structural motifs, we mapped the 81,120 phosphorylation sites detected here 

onto protein structures predicted by AlphaFold.34 The UniProt structural library (assembled using 

AlphaFold) contains structures with varying degrees of certainty as measured by a per residue 

confidence score (pLDDT) where 0 is very low and 100 is very high confidence. Note that lower 

confidence scores are indicative of either flexible or disordered protein regions.55 Upon plotting 

the confidence score distribution for phosphorylated S, T, and Y sites, we observed a striking 

prevalence for these sites to be in low confidence regions (Figure 2.12C), especially when 

compared to all S, T, and Y residues or even all amino acids. Phosphorylation sites that were 

detected in all tissues had an even slightly higher preference for these low confidence regions. 

However, all amino acids observed in non-enriched proteomics experiments did not follow the  
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Figure 2.11. Sequence and Structural Context of Phosphosites. (A) Two-dimensional 

representation of all phosphosites and their 5-amino acid flanking sequences, including the central 

amino acid in the comparison. Each cluster has been manually selected to highlight the densest 

regions. (B) Sequence logo plot for all clusters depicted in (A). (C) Similar to Figure 2.11A with 

highlights of ERK and CDK kinases based on the PhosphoSitePlus database. (D) Similar to Figure 

2.11A with highlights of all phosphorylated tyrosine sites. (E) Distribution of structural confidence 

scores for phosphorylated (+) and unphosphorylated STY sites. (F) Similar to (E) but presented as 

a cumulative distribution plot. (G) Confidence score distribution based on the distance between 
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alpha-carbons surrounding phosphorylation site and phosphorylation state – phosphorylated and 

un-phosphorylated S/T/Y. Image Description 
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Figure 2.12. Sequence, Structural and Kinase Specificity Context of Phosphosites. (A) Two-

dimensional representation of all phosphosites and their 5-amino acid flanking sequences, 

excluding the central amino acid from the comparison. Each cluster has been manually selected to 

emphasize the densest regions. (B) Sequence logo plot for all clusters depicted in (A). (C) 

Distribution of confidence scores for all amino acids, specifically S/T/Y, and for phosphorylated 

S/T/Y detected across all tissues. (D) Our mouse phosphoproteome data derived from nine tissues 

was applied to the kinome atlas search tool. (E), All phosphorylation sites detected in our study 

are plotted on the x-axis, sorted by the number of kinases that scored higher than 90 for a specific 

site. (F), Z-score transformed difference between abundances of shared phosphorylation sites in 

brain and liver tissue. Vertical dashed lines indicate thresholds for selection of phosphorylation 

sites that are used for kinase motif enrichment analysis. A chi-squared test was used to calculate 

p-values after applying Haldane’s correction. (G), Based on the top sites per tissue, a motif 

enrichment analysis was performed, and the resulting frequency of how often a kinase was 

predicted to act on a site was plotted on the x-axis, along with the p-value on the y-axis. The 

scheme and types of analyses have been adapted from Reference 38. Image Description 
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same trend, emphasizing the specificity of this effect for phosphorylation sites. It is noteworthy 

that when plotted individually, S, T, and Y phosphorylation sites all exhibit the same trend (Figure 

2.11E and Figure 2.11F). These global results confirm previous work that suggests 

phosphorylation sites are enriched in intrinsically disordered regions.35,36 In fact, some efforts have 

used intrinsically disordered regions to refine phosphorylation site prediction models.37 Finally, 

although phosphorylation is more likely to occur in less structured regions, examination of the 

surrounding environment shows the confidence scores are increasing with distance from the 

phosphorylated residue (Figure 2.11G). These data suggest further research on the role of structure 

and phosphorylation site is warranted. 

Kinase predictions based on flanking regions of phosphorylation sites 

Further leveraging our extensive dataset of phosphorylation sites across various tissues, we 

applied a recently published kinase prediction tool38, which was developed by using synthetic 

peptide libraries to profile the substrate sequence specificity of 303 serine/threonine kinases 

(Figure 2.12D). As expected, a systematic analysis of all phosphorylation sites in our dataset 

revealed a trend where many phosphorylation sites were assigned to a limited number of putative 

kinases; however, half of all phosphorylation sites were predicted to be targeted by 24 or more 

kinases (Figure 2.12E). Furthermore, this approach enabled us to predict kinases for sites that 

showed tissue enrichment (Figure 2.12F). By comparing enriched phosphorylation motifs 

between tissue pairs, we identified kinases with established activities in certain tissues (Figure 

2.13). For instance, comparing brain and liver enriched motifs revealed kinases such as GSK3A56, 

CAMK subfamily 2 members57–59, and PCKA/PCKB60,61, which are known to modulate the brain  
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Figure 2.13. Kinase Enrichment Across Tissues. For each possible tissue-tissue pair, the top 

tissue-specific phosphorylation sites were selected to perform a kinase motif enrichment analysis. 

The frequency of how often a kinase was predicted to act on a site in a tissue was plotted on the x-

axis. The p-value is shown on the y-axis. The red dots indicate significant kinases in the tissues 

that are labeled in red on the right side of the plot. The blue dots correspond to the tissues plotted 

across the top of the graph. The p-values were calculated using a chi-squared test on the data set 
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after applying Haldane’s correction to compare the frequency factors for each kinase in each tissue. 

The frequency factor was calculated as the proportion of how often a kinase was predicted within 

the top phosphorylation sites versus the total of top phosphorylation sites, divided by the same 

ratio for the unchanged sites, i.e., not ranked among the top/bottom 200 (with regards to z-score). 

Image Description 
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phosphoproteome and have been implicated in neurological disease states (Figure 2.12G). While 

these kinases have activities in other tissues, our dataset emphasized that the phosphorylation sites 

predicted to be clients of these kinases are strongly overrepresented in brain as compared to liver 

tissue. Additionally, we identified PHKG2 as the kinase with the strongest frequency factor for 

liver tissue, consistent with this enzyme’s role as a liver isoform critical for glycogen breakdown.62 

Our analysis suggests additional kinases with probable tissue-specific activities, highlighting the 

potential of our resource to facilitate the discovery of such tissue-specific kinase functions. 

Novel phosphorylation sites on mitochondrial proteins 

We next sought to investigate how our comprehensive analysis of phosphorylation patterns 

in the mouse proteome can be further applied in the biochemical and biological context. We first 

compared our dataset to the mouse phosphorylation dataset from PhosphoSitePlus53, revealing a 

capture of 38,454 previously unidentified phosphorylation sites, constituting 53% of the total 

identified sites within our dataset (Figure 2.14A). Upon categorizing phosphorylation sites, we 

observed a significant representation of mitochondrial proteins, with 55% of known mitochondrial 

proteins harboring at least one phosphorylation site (Figure 2.14B). This observation aligns with 

the growing appreciation for protein phosphorylation in regulating mitochondrial function.63 An 

exemplary mitochondrial pathway whose protein phosphorylation sites showed the most dynamic 

pattern across all tissues was the tricarboxylic acid cycle (Figure 2.15A) with the majority of sites 

being detected for the first time in this study (Figure 2.15B), setting the stage for further 

exploration into the understudied regulation of this key metabolic pathway.64 

The occurrence of phosphorylation sites was variable across tissues in the entire dataset  
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Figure 2.14. Mitochondrial phosphoproteomics reveals novel liver-specific phosphorylation 

site. (A) Bar plot of all detected phosphorylation sites in our study stratified into categories that 

are directly derived from the PhosphoSitePlus database (downloaded August 22, 2023). (B) Mouse 

MitoCarta 3.065 proteins with at least one detected phosphorylation site in our data versus the 

remainder. (C) Bar plot indicating the number of mitochondrial phosphorylation sites that occur in 

a specific number of tissues. (D) Intersections of phosphorylation sites on mitochondrial proteins 

per tissue subsets. Intersection sizes of 12 or more are shown. Sub-mitochondrial localization is 

derived from MitoCarta 3.0. (E) Dot plot displaying all proteins that harbor phosphorylation sites 

unique to liver tissue. The highest ranked protein harbors the most phosphorylation sites as 

indicated on the x-axis. Novel sites are according to the PhosphoSitePlus database. (F) Schematic 

representation of the CPS1 peptide chain with all detected phosphorylation sites indicated as novel 

or previously identified. (G) Sequence alignment of CPS1 orthologues using Clustal Omega66. 

Patient variant residue and phosphorylation site residue of interest are in grey. (H) Structural 

modeling based on structures (PDB: 5DOT (Apo), 5DOU (NAG)) from RCSB PDB67. Image 

Description 
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Figure 2.15. TCA cycle phosphorylation events and occurrence of phosphorylation sites 

across tissues. (A) GSEA using the KEGG pathway database, FDR 0.05, minimal pathway size 

2, through the ShinyGO app.68 Input: Proteins whose phosphorylation sites showed an absolute z-

score above 2. (B) Number of phosphorylation sites detected on tricarboxylic cycle proteins 

(subset based on MitoCarta 3.0 pathways). Sites that occur in multiple tissues are summed. 

Characterized sites according to PhosphoSitePlus are also known sites and are only counted in the 

characterized sites category. (C) Bar plot indicating the number of phosphorylation sites that occur 

in a specific number of tissues. Image Description 
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(Figure 2.15C) as well as in the mitochondrial subset of our data (Figure 2.14C), indicating that 

tissue-specific phosphorylation patterns exist within the murine mitochondrial phosphoproteome. 

To investigate this in more detail, we calculated the intersections of all mitochondrial 

phosphorylation sites across tissues and found the liver to harbor the most unique phosphorylation 

sites (Figure 2.14D). Moreover, these unique liver phosphorylation sites showed the largest 

proportion of mitochondrial matrix proteins, suggesting that phosphoregulation of proteins in this 

sub-compartment is particularly important in this tissue. We identified carbamoyl phosphate 

synthetase I (CPS1) to harbor the most phosphorylation sites in this group (Figure 2.14E). 

Notably, 40 phosphorylation sites were detected on CPS1, which is the first and rate-

limiting enzyme of the urea cycle. None of these phosphorylation sites have been functionally 

characterized, and 22 of these sites have not been reported previously (Figure 2.14F), 

underscoring the significant discovery potential of our dataset. Deficiency of human CPS1 results 

in hyperammonemia ranging from neonatally lethal to environmentally induced adult-onset 

disease in affected individuals.69 The phosphorylation site S913, located within the L2 integrating 

domain, overlaps with a known severe disease-causing missense variant in CPS1 (p.S913L)70, 

indicating the potential regulatory significance of these sites in CPS1. 

Our dataset also provides enhanced phosphotyrosine coverage without specific enrichment 

methods (Figure 2.7B), revealing novel sites that may be functionally relevant. N-acetyl-L-

glutamate (NAG) is an essential allosteric activator of CPS1. By binding to the C-terminal L4 

domain of CPS1, NAG induces long-range conformational changes, impacting distant catalytic 

activities.67 We identify Y1450 as a conserved phosphorylated residue in this domain, which is 

located proximal to the key R1453 residue that is required for NAG binding and is the location of 
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two patient variants (c.4357C>T and c.4358G>A resulting in p.R1453W and p.R1453Q, 

respectively)71 (Figure 2.14G). Previous work suggested that a distinct post-translational 

modification of Y1450 (nitration) may impact CPS1 activity by obstructing NAG binding.72 

Structural modeling demonstrates shifts in this Y1450-R1453-containing helix of CPS1 upon NAG 

binding, highlighting the confirmational change of the R1453 residue and its proximity to the 

Y1450 residue (Figure 2.14H). 

Most dynamic phosphoregulation in brain tissue 

The brain is characterized by a diverse array of expressed kinases and phosphatases and its proteins 

have a higher tendency to be phosphorylated as compared to other tissues.49 Our data substantiates 

this observation, as brain tissue showed the highest prevalence of unique phosphorylation sites 

(i.e., sites defined as exclusive to a singular tissue, Figure 2.16A). Moreover, we investigated all 

pan-tissue expression of phosphorylation sites (sites detected across all twelve tissues) by a z-score 

analysis, enabling comparison of each phosphosite to the average organismal values, and found 

brain tissue to exhibit the strongest abundance changes of phosphorylation sites (Figure 2.17A). 

We then applied the same z-score-based principle on the entire dataset (including imputed values 

for undetected sites in some tissues) to impartially identify sites undergoing significant changes 

and observed a normal distribution in z-score patterns for all tissues, except the brain, which 

displayed a pronounced enrichment of phosphorylation sites with elevated z-scores (Figure 

2.17B). By applying the same absolute z-score threshold of 2, we found 9,541 phosphorylation 

site outliers in the brain (Figure 2.16B), accounting for 23% of all outliers across all twelve tissues. 

Further prioritizing these brain sites based on z-score ranking within the mitochondrial 

phosphoproteome, we identified serine 298 of Optic atrophy protein 1 (OPA1) as a top hit  
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Figure 2.16. Unique phosphorylation sites in brain tissue. (A) Bar plot indicating all sites 

(black) that were detected per tissue, highlighting the sites that are unique in each tissue (blue). 

(B) Number of outliers per tissue based on z-score analysis with an absolute z-score cut-off of 2. 

(C) Ranked mitochondrial phosphorylation sites in brain based on z-score, highlighting the OPA1 

top site. (D) Protein domain representation of mouse OPA1, including mitochondrial transition 

signal (MTS), transmembrane domain (TM), GTPase, PH, and GED domain. Red triangles 

represent sites of proteolytic cleavage generating the long and short proteo-forms of OPA1. Note, 

that all identified phosphosites are common to all OPA1 isoforms. Below, details of GTPase and 

PH domain with indicated phosphorylation sites (pS/Y) found in brain tissue (See Figure 2.17C 

for presence of OPA1 phosphorylation sites in other tissues).(E) Sequence alignment of first GTP-

binding site/P-loop among mouse OPA1 isoforms and homologs in human and yeast, as well as 

related dynamin family members, DNM1L, MFN1, and MFN2, in mouse. Conserved residues are 

marked with *, including serine 298 in mouse OPA1. (F) Structure modeling of human OPA1 

GTPase domain [263-580] based on RCSB PDB structure 6JTG73. Left, Modeling of the entire 

domain with highlighted GTP-binding domains (G1-5) in blue and bound GDP (yellow). Right, 

Detail (i.) of the G1/P-loop domain containing the discussed S298 (magenta) and the nucleotide-

binding G300 (red). K+ (yellow) stabilizes the vicinity of the nucleotide. Image Description   
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Figure 2.17. Z-score based outlier analysis and phosphorylation sites on Opa1. (A) Heatmap 

of z-scores calculated across all tissues. Only sites that occur in all tissues were considered. (B) 

Distribution of phosphorylation site z-scores in each tissue, using the entire imputed dataset. (C) 

Protein domain representation of mouse OPA1 as shown in Figure 2.16D with additional 

phosphorylation sites not observed in brain tissue. The occurrence of OPA1 phosphorylation site 

within all twelve datasets is shown below. Image Description 
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(Figure 2.16C). 

OPA1 facilitates multiple functions in mitochondria including membrane fusion, cristae 

biogenesis, mitochondrial DNA maintenance, and respiration.74 Importantly, mutations in OPA1 

are the most common cause of dominant optic atrophy (DOA). In our data, we detected multiple  

phosphorylation sites of OPA1 across the twelve tissues (Figure 2.17C), none of which are 

functionally characterized as documented in PhosphoSitePlus.53 These sites are localized within 

the GTPase and PH domain of OPA1, which are also common areas for missense variants in 

patients with DOA.75 Additionally, many of the detected phosphorylation sites have not been 

previously reported in mouse, among which is the novel S298 site within the first GTP-binding 

domain (G1/P-loop) of the GTPase (Figure 2.16D).The consensus motif GxxxxGKS/T of G1/P-

loop is highly conserved across species and other proteins of the dynamin superfamily (Figure 

2.16E). Further, the Q and S residue within this motif are important for the assembly stimulated 

GTPase activity as shown for dynamin.76 Notably, S298 has been identified as a site of missense 

mutations in DOA patients (c.893G>A, p.S298N77 ; c.892A>G, p.S298G78), suggesting its 

importance for OPA1 function, too. Furthermore, a S298A mutation reduces GTPase activity and 

dimerization in vitro73; the S298N mutation abolishes respiratory growth in S.cerevisiae with 

mitochondrial DNA depletion and altered mitochondrial morphology.79 Our structural modelling 

of the OPA1’s GTPase domain shows that S298 is close to the nucleotide-interacting G300 of the 

G1/P-loop and the nucleotide, suggesting that phosphorylation may affect nucleotide binding or 

hydrolysis (Figure 2.16F). Taken together, current evidence clearly underscores the functional 

importance of S298 for OPA1 activity, but the effect and relevance of phosphorylation we have 

identified on S298 requires further study.  
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Discussion 

Here we demonstrated that the Orbitrap Astral mass spectrometer provides a platform for 

fast and deep phosphoproteome analysis. Key to empowering this application is the ability of the 

system’s high MS/MS duty cycle to enable DIA data collection with narrow isolation windows (2 

Th). This capability, combined with high mass accuracy, mass resolution, and sensitive ion 

detection of the Astral analyzer allow confident phosphosite localization from low abundance 

peptides as evinced by the performance of the system for low overall phosphopeptide loads. 

Altogether this approach allowed for the collection of the deepest mouse phosphoproteomic atlas 

to date following only a half day of data collection. Nonetheless, the uniquely large mouse 

phosphoproteome atlas defined here provides an opportunity to explore the sequence and structural 

context of kinase activity. 

From the phosphoproteome analysis we discovered that, despite its bacterial origins, over 

fifty percent of mitochondrial proteins carry at least one site of phosphorylation site. An interesting 

and potentially important example is the CPS1 protein on which we detected 22 novel sites. 

Notably, one of these sites, Y1450, is proximal to the NAG binding domain and near the location 

of known patient variants – suggesting potential clinical relevance.  

As exemplified by the above example, this technology permitted detection of thousands of 

pY sites without the typical pY-specific antibody enrichments. Doubtless the sensitivity and depth 

afforded by the Orbitrap Astral instrument can allow direct access to these most critical, dynamic, 

and low-abundance phosphorylation events. Finally, we note that while all tissues exhibit a subset 

of unique phosphorylation events, the brain is distinguished and contains nearly 10,000 unique 

phosphorylation sites. 
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Protein phosphorylation analysis presents many challenges for mass spectrometric 

analysis; however, we demonstrate here that the Orbitrap Astral resolves many of these limitations 

and permits fast and deep phosphoproteome analysis. We suppose that these performance 

characteristics will be translated to the analysis of other post-translational modifications including 

acetylation, glycosylation, methylation, ubiquitination, etc. Furthermore, we expect use of 

extensive fractionation, more tissues, and multiple proteases would allow detection of even more 

phosphorylation sites and increase tissue-to-tissue phosphorylation site reproducibility. 
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Methods 

HEK293T Cell Preparation. HEK293T cells (ATCC CRL-3216) were cultured in 

Dulbecco’s modified Eagle’s medium (DMEM) (Gibco, 11995-065) with 1% 

penicillin/streptomycin (Thermo Fisher Scientific, 15-140-122) and 10% fetal bovine serum (FBS) 

(HyClone, 89133-098) at 37°C and 5% CO2. Cell line authentication was performed by the 

commercial distributor. Culture media was replaced every 24 hours. Cells were expanded to the 

appropriate cell number, detached from tissue culture plate with 0.05% trypsin-EDTA (Gibco, 

25300062), washed once with phosphate buffered saline (PBS) (Gibco, 02-0119-0500), cell 

number determined, and 20 x 107 cells pelleted. Cell pellet was immediately stored at -80°C until 

use. The cells were low passage number and tested negative for mycoplasma contamination. 

Frozen cell pellets were resuspended in 5.4M guanidine hydrocholoride (from Sigma Life Science, 

8M, pH 8.5, G7294-100mL) in 100 mM Tris, pH 8 (Invitrogen, 1 M Tris pH 8.0, 0.2 µm filtered, 

AM9856) via vortexing, followed by heating in a sand bath for 5 minutes at 105℃ prior to brief 

(10-15s) sonication with a probe sonicator. The sample was diluted with the guanidine buffer above 

to give a ~1.5 mg/mL estimated protein concentration via NanoDrop (Thermo Scientific) prior to 

beginning digestion. 

EGF-stimulated HeLa Cell Preparation. HeLa cells (ATCC CCL-2) were cultured in 

Dulbecco’s Modified Essential Medium (DMEM) (Gibco, 11995-065) with 10% FBS (HyClone, 

89133-098) and 1% penicillin/streptomycin (Thermo Fisher Scientific, 15-140-122) in 37°C/5% 

CO2 incubator. Cell line authentication was performed by the commercial distributor. Cells were 

resuspended in PBS (Gibco, 02-0119-0500) with or without 100 ng/mL human Endothelial Growth 

Factor (Thermo, AF-100-15) for 15 minutes at room temperature. Cells were gently resuspended 
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every 5 minutes during incubation. After incubation, cells were washed twice with PBS and stored 

in -80°C until use. Protein extraction was performed as described above for the HEK293T samples. 

Protein concentrations were estimated via protein BCA (Pierce, 23235). Three biological replicates 

each were prepared for the control and EGF treatment groups. 

Yeast Cell Preparation. Saccharomyces cerevisiae S288C-derivative strain, BY4741 

(SRD GmbH, Y00000) was cultured in triplicate for ~5 generations into log phase in rich YPD 

medium at 30°C. Authentication was performed by the commercial distributor. Cells were 

centrifuged at 2000g, 3 min, rinsed in water, transferred to smaller tubes and centrifuged at 1600g, 

3min, prior to snap-freezing in liquid nitrogen. Frozen cell pellets were resuspended in 8M urea 

Sigma-Aldrich, U5378) in 100 mM Tris, pH 8 (Invitrogen, 1 M Tris pH 8.0, 0.2 µm filtered, 

AM9856) and vortexed with glass beads (425-600 µm, Sigma-Aldrich, G8772-500G) to lyse (2 

minutes of total vortexing with 30s vortexing followed by 30s on ice). Protein concentrations were 

estimated via protein BCA (Pierce, 23235). 

Mouse Tissue Preparation. All experiments were performed in accordance with the 

National Institute of Health Guide for the Care and Use of Laboratory Animals and were approved 

by the Animal Care and Use Committee at the University of Wisconsin-Madison. Mice were kept 

on a 12-h light–dark cycle at 23°C and within a humidity range between 30% and 50%. Mice were 

fed standard chow diet (Teklad #2018). Six-week-old male C57BL6/J mice (n=3) were euthanized 

by cervical dislocation and tissues were immediately collected, and flash frozen in liquid nitrogen. 

A total of twelve tissues (pancreas, small intestine, spleen, liver, kidney, testes, heart, lung, 

subcutaneous white adipose tissue (WAT), brown adipose tissue (BAT), gastrocnemius, and brain) 

were collected. All tissues were stored at -80°C prior to cryo-pulverization. For each tissue, 
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samples from three mice were pulverized together into a fine power under liquid nitrogen (i.e., one 

biological replicate per tissue). For each pulverized tissue, ~60mg frozen wet weight was 

resuspended in 4 mL of 5.4M guanidine hydrocholoride (Sigma Life Science, 8M, pH 8.5, G7294-

100mL) in 100 mM Tris, pH 8 (Invitrogen, 1 M Tris pH 8.0, 0.2 µm filtered, AM9856) with 

Pierce™ Phosphatase Inhibitor Mini Tablets (A32957) with one tablet/10mL. Tissue samples were 

vortexed and sonicated for 20 min in a bath sonicator (chilled to 4°C) to homogenize. A probe 

sonicator was used briefly to sonicate samples on ice as needed. The protein concentration was 

estimated via protein BCA (Pierce, 23235) and samples were diluted with the guanidine 

hydrochloride buffer above to give a protein concentration of ~2mg/mL prior to digestion. 

Protein digestion. After extracting proteins from human cells, yeast cells, or mouse 

tissues, methanol (Optima LC/MS grade, Fisher Scientific) was added to 90% (v/v) to precipitate 

protein and samples were vortexed prior to centrifugation at 4000g for 15 minutes. The supernatant 

was removed, and the pellet was resuspended in 8M urea (Sigma-Aldrich, U5378), 100mM Tris 

(Invitrogen, 1 M Tris pH 8.0, 0.2 µm filtered, AM9856), 10mM TCEP (Sigma-Aldrich, C4706-

2G), 40mM 2-chloroacetamide (Sigma Aldrich, ≥98%, C0267-100G) pH 8 at ~1.5mg protein/mL. 

Lysyl Endopeptidase (LysC, 100369-826, VWR) was added at a ratio of 1:50 enzyme:protein and 

gently rocked at ambient temperature for 4 hours, followed by the dilution of the solution to 2M 

urea with 100mM Tris, pH 8 (Invitrogen, 1 M Tris pH 8.0, 0.2 µm filtered, AM9856). Promega 

Sequencing Grade Modified Trypsin (V5113) was added at a ratio of 1:50 enzyme:protein and 

incubated overnight. Following overnight digestion, the solution was acidified to <pH 2 with 10% 

trifluoroacetic acid (Sigma-Aldrich, HPLC grade, >99.9%) to quench the digestion. The sample 

was then centrifuged at 4000g for 10 minutes to remove particulate matter prior to desalting with 
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a Strata-X 33 µm polymeric reversed phase SPE cartridge. Peptides were dried via a SpeedVac 

(Thermo Scientific) and stored at -80°C until phosphopeptide enrichment or, in the case of the 

mouse proteomics experiments, until fractionation. 

Phosphopeptide enrichment. Phosphopeptides were enriched from digested peptides 

using MagReSyn Ti-IMAC HP beads (ReSyn Biosciences, MR-THP005). A volume of 100µL 

beads were used per 1mg of peptides. Input peptide masses of 2-3 mg were utilized for human and 

yeast enrichments, and input peptide masses ranging from ~0.3 mg to 1.2 mg were utilized for the 

different mouse tissues. Beads were washed three times with 1 mL 80% acetonitrile (Optima LC-

MS grade, Fisher Scientific)/6% trifluoracetic acid (Sigma-Aldrich, HPLC grade, >99.9%) prior 

to resuspending the sample in 1 mL 80% acetonitrile (Optima LC-MS grade, Fisher Scientific)/6% 

trifluoracetic acid (Sigma-Aldrich, HPLC grade, >99.9%) and vortexing the sample with the beads 

for 1 hour. After the 1-hour of vortexing, the beads were washed three times with 1mL 80% 

acetonitrile (Optima LC-MS grade, Fisher Scientific) /6% trifluoracetic acid (Sigma-Aldrich, 

HPLC grade, >99.9%), once with 1 mL 80% acetonitrile, once with 1 mL 80% acetonitrile (Optima 

LC-MS grade, Fisher Scientific) /0.5 M glycolic acid (Sigma-Aldrich, 99%, 124737-500G), and 

three times with 1 mL 80% acetonitrile (Optima LC-MS grade, Fisher Scientific). The 

phosphopeptides were eluted from the beads with the addition of 300 µL 50% acetonitrile (Optima 

LC-MS grade, Fisher Scientific)/1% ammonium hydroxide (28% in H2O, ≥99.99% trace metals 

basis, Sigma-Aldrich), followed by a second elution with another 300 µL 50% acetonitrile/1% 

ammonium hydroxide. The samples were acidified via addition of 15 µL 10% trifluoroacetic acid 

(Sigma-Aldrich, HPLC grade, >99.9%). The samples were then dried down in a SpeedVac 

(Thermo Scientific) prior to being resuspended in 0.2% trifluoroacetic acid (Sigma-Aldrich, HPLC 
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grade, >99.9%) and desalted as described above. Desalted phosphopeptide samples were dried and 

resuspended in 0.1% formic acid (Fisher Scientific, LC-MS grade). The phosphopeptide 

concentration was estimated via NanoDrop (Thermo Scientific). The HEK293T phosphopeptides 

were pooled to generate a sample for method evaluation. Each mouse phosphopeptide sample was 

fractioned as described below. 

High-pH Peptide Fractionation. High-pH fractionation of peptides was performed on an 

Agilent 1260 Infinity BioInert LC with an automated fraction collector. A 20-minute method was 

performed on a Waters XBridge, Peptide BEH C18, 3.5 µm, 130 Å, 4.6mm x 150 mm column with 

a flow rate of 0.8 mL/min. Mobile phase A and B were 10 mM ammonium formate (Sigma-

Aldrich, >99/0%, LC-MS grade, 70221-100GF), pH 10 and 20% 10mM ammonium formate (pH 

10)/80% methanol (Optima LC/MS grade, Fisher Scientific), respectively. The gradient went from 

0 to 35%B from 0-2 minutes, 35 to 75%B from 2-8 minutes, 75% to 100%B from 8-13 minutes, 

followed by washing at 100%B from 13-15 minutes and equilibration at 0%B from 15-20 minutes. 

UV absorbance at 210 and 280 nm was recorded. For HEK293T spectral library generation and 

mouse proteomics samples, 16 fractions were collected from 5 to 18 minutes and concatenated 

into the final fractions by combining fraction 1 and 9, fraction 2 and 10, etc., resulting in 8 final 

fractions. For mouse phosphoproteomics samples, 8 fractions were collected from 5 to 18 minutes 

and concatenated into the final fractions by combining fraction 1 and 5, fraction 2 and 6, etc. 

Samples were dried down in a SpeedVac (Thermo Scientific) prior to being resuspended in 0.1% 

formic acid (Fisher Scientific, LC-MS grade) for LC-MS analysis. 

Synthetic Phosphopeptide Dilution Series Preparation. Five sets of phosphopeptide 

standards were acquired: SpikeMix PTM-Kit 52 (JPT, SPT-PTM-POOL-Yphospho-1), SpikeMix 
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PTM-Kit 54 (JPT, SPT-PTM-POOL-STphospho-1), MS PhosphoMix 1 (Sigma, MSP1L-1VL), 

MS PhosphoMix 2 (Sigma, MSP2L-1VL), and MS PhosphoMix 3 (Sigma, MSP3L-1VL). The 

standards were reconstituted in 0.2% formic acid/20% acetonitrile/80% water via vortexing. The 

standards were pooled into an equimolar mixture of the 225 total phosphopeptide standards. The 

pooled equimolar mixture was then diluted and mixed with the yeast phosphopeptide sample to 

construct a dilution series comprised of five points of four-fold dilutions starting at 10000 amol, 

resulting in total quantities loaded onto the column of 10000, 2500, 625, 156.25, and 39.0625 amol 

per phosphopeptide standard along with a constant yeast phosphopeptide load of 250ng. 

LC-MS Operation for Phosphoproteomics with Orbitrap Astral Analysis. Nanoflow 

capillary columns (75µm I.D., 360µm O.D.) with pulled nanoESI emitters were packed to 40 cm 

at high pressures with C18 1.7 µm diameter, 130 Å pore size BEH C18 particles (Waters) as 

previously described.39 A slurry of C18 particles dissolved in chloroform was loaded into a custom-

built packing setup with a high pressure pneumatic pump (Haskel) and ultrahigh-pressure capillary 

fittings (HiP) and packed into the column while slowly ramping up to 30,000 psi, holding at 30,000 

psi for 4 hours, and then allowed to depressurize slowly. Samples were analyzed with a Vanquish 

Neo UHPLC (Thermo Scientific) coupled to an Orbitrap Astral mass spectrometer (Thermo 

Scientific) using a NanoSpray Flex source (Thermo Scientific). A source voltage of 2000 V was 

used for all experiments. Mobile phase A and B were 0.1% formic in water (Fisher Scientific, 

Optima LC-MS grade) and 0.1% formic acid/80% acetonitrile (Fisher Scientific, Optima LC-MS 

grade), respectively. The column was heated to 50°C with the Column Oven PRSO-V2 (Sonation 

Lab Solutions) and the flow rate was set to 400 nL/min at the start of the method to decrease delay 

time and turned to 300 nL/min at the start of the active gradient. Initial conditions of 2%B were 
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ramped to 14% from 0 to 5 minutes. The active gradient was generally set to 14% to 54%B with 

curve type 6 beginning at 5.2 minutes, with the exact %B settings adjusted for each active gradient 

length to evenly distribute peptide signal across the gradient. The column was washed for 5 

minutes at 100%B and 400 nL/min at the end of the gradient, followed by fast equilibration on the 

Vanquish Neo LC with an upper pressure limit of 1100 bar. 

For initial DDA experiments on the Orbitrap Astral MS, MS1 spectra were collected in the 

Orbitrap every 0.6 s at a resolving power of 240,000 at m/z 200 over m/z 350-1350 with a 

normalized AGC target of 300% (3e6 charges) and a maximum injection time of 10ms. The MIPS 

filter was applied with Peptide mode and ‘Relax Restrictions when too few Precursors are Found’ 

set to True. Precursors were filtered to charges states 2-6. A Dynamic Exclusion filter was applied 

with 10s duration and 10ppm low and high mass tolerance and exclude isotopes set to True. An 

intensity filter was applied with a minimum precursor intensity of 5000 required for selection. MS2 

scans were collected in the Astral mass analyzer with an isolation window of 0.7 m/z, normalized 

collision energy of 27, a scan range of 150-2000 m/z, an AGC target of 100% (1e4 charges), and a 

maximum injection time of 10ms. 

For DIA experiments on the Orbitrap Astral MS, MS1 spectra were collected in the Orbitrap 

every 0.6s at a resolving power of 240,000 at m/z 200 over m/z 380-980. The MS1 normalized 

AGC target was set to 300% (3e6 charges) with a maximum injection time of 10ms. DIA MS2 

scans were acquired in the Astral analyzer over a 380-980 m/z range with a normalized AGC target 

of 500% (5e4 charges) and a maximum injection time of 3.5ms and an HCD collision energy 

setting of 27% and a default charge state of +2. Window placement optimization was turned on. 

Isolation widths of 2 Th and active gradient lengths of 30 minutes were used with HEK293T 
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fraction analysis for HEK293T spectral library generation. Isolation bin widths of 2 Th and 4 Th 

with 1 Th overlap were compared for HEK293T phosphoproteomics method evaluation. Isolation 

widths of 2 Th were used for mouse phosphoproteomics experiments. Comparisons of different 

DIA m/z ranges and AGC targets are shown in Figure 2.4D-G. 

Eight HEK293T phosphopeptide fractions were injected once for library generation. For  

HEK293T shotgun experiments, one injection replicate per loading mass was performed for the 

loading mass experiment. Three injection replicates per method were performed for the gradient 

length and isolation width experiments. For the phosphopeptide standard analysis, each 

concentration point was analyzed with three injection replicates. For the EGF treatment vs control 

HeLa phosphopeptide and proteomics experiments, each of the three biological replicates per 

condition was injected once. For the HeLa phosphopeptide method evaluation experiments, two 

injection duplicates were performed per method. For the mouse phosphopeptide analysis, each 

tissue sample was fractioned into 4 fractions and injected once. 

LC-MS Operation for Benchmarking on the Orbitrap Ascend. Nanoflow capillary 

columns (75 µm I.D., 360 µm O.D.) with pulled nanoESI emitters were packed to 40cm at high 

pressures with C18 1.7 µm diameter, 130 Å pore size BEH C18 particles (Waters) as previously 

described.39 See above for column packing description. Samples were analyzed with a Vanquish 

Neo UHPLC (Thermo Scientific) coupled to an Orbitrap Ascend mass spectrometer (Thermo 

Scientific) using a NanoSpray Flex source (Thermo Scientific) incorporating a homebuilt column 

heating compartment. The column was heated to 50°C. The flow rate was set to 400 nL/min at the 

start of the method to decrease delay time and turned to 30 0nL/min at the start of the active 

gradient. Initial conditions of 2%B were ramped to 14% from 0 to 5 minutes. The active gradient 
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was generally set to 14% to 54%B with curve type 6 beginning at 5.2 minutes, with the exact %B 

settings adjusted for each active gradient length to evenly distribute peptide signal across the 

gradient. The column was washed for 5 minutes at 100%B and 400 nL/min at the end of the 

gradient, followed by fast equilibration on the Vanquish Neo LC with an upper pressure limit of 

1100 bar. 

DIA experiments on the Orbitrap Ascend utilized similar method settings to those 

previously described by Bekker-Jensen et al.41, but with the same m/z range as utilized on the 

Orbitrap Astral to enable direct comparisons. Briefly, MS1 spectra were collected in the Orbitrap 

at a resolving power of 60,000 at m/z 200 over m/z 380-980 with an AGC target of 250% and 

maximum injection time of 123 ms. DIA MS2 scans were collected in the Orbitrap with 15,000 at 

200 m/z resolving power, a scan range of 150-2000 m/z, an AGC target of 200%, a maximum 

injection time of 27 ms, and a collision energy of 30%. A m/z range from 380-980 m/z was iterated 

through with 14 Th isolation windows with 1 Th overlap. 

For the phosphopeptide standard analysis, each concentration point was analyzed with 

three injection replicates. For the EGF treatment vs control HeLa phosphopeptide and proteomics 

experiments, each of the three biological replicates per condition was injected once. 

LC-MS Operation for Proteomics with Orbitrap Eclipse Analysis. The 

chromatography setup described above for the Orbitrap Ascend analysis was utilized for the 

Orbitrap Eclipse experiments. A source voltage of 2000 V was used for all experiments. Mobile 

phase A and B were 0.2% formic acid (Optima LC-MS grade, Fisher Scientific) in water (Optima 

LC-MS grade, Fisher Scientific) and 0.2% formic acid/80% acetonitrile (Optima LC-MS grade, 

Fisher Scientific), respectively. The column was heated to 50°C and a flow rate of 300 nL/min was 
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used. Initial conditions of 0%B were ramped to 6%B from 0 to 1 minute. The active gradient was 

set to 6% to 52%B with curve type 6 from 1 to 73 minutes. The column was washed for 5 minutes 

at 100%B, followed by fast equilibration on the Vanquish Neo LC with an upper pressure limit of 

1150 bar. 

For DDA experiments on the Orbitrap Eclipse MS, MS1 spectra were collected in the 

Orbitrap analyzer every 0.6s at a resolving power of 240,000 at m/z 200 over m/z 300-1350 with a 

normalized AGC target of 250% and a maximum injection time of 50ms. The MIPS filter was 

applied with Peptide mode and ‘Relax Restrictions when too few Precursors are Found’ set to True. 

Precursors were filtered to charges states 2-5. A Dynamic Exclusion filter was applied with 10s 

duration and 25 ppm low and high mass tolerance and exclude isotopes set to True. MS2 scans 

were collected in the ion trap with an isolation window of 0.5 m/z, normalized collision energy of 

25, a scan range of 150-1350 m/z, an AGC target of 300%, and a maximum injection time of 14ms. 

Each mouse tissue was fractioned into 8 fractions, each of which was injected once for 

DDA proteomics. 

DDA Data Processing. Proteomics DDA data was processed in MaxQuant 2.4.9.0 with 

default parameters.40 Phosphoproteomics DDA data was processed with the same version of 

MaxQuant with default parameters and Phospho (STY) enabled as a variable modification. The 

‘Phospho (STY)Site.txt’ was used for analysis with a filter for localization probabilities greater 

than or equal to 0.75. 

DIA Data Processing. Phosphoproteomics DIA data was processed in Spectronaut version 

17.6.230428.55965 or 18.6.231227. A HEK293T spectral library was generated in Spectronaut 

(searching against the human proteome database (Swiss-Prot and TrEMBL) downloaded from 
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UniProt on 15-Jan-2023) from the eight HEK293T phosphopeptide fractions analyzed with a 30-

minute active gradient 2 Th DIA method and the library was used to search the HEK293T 

phosphoproteomics method evaluation experiments shown in Figure 2.2. Note that the entrapment 

search in Figure 2.2G and the phosphoproline variable modification search in Figure 2.2H were 

performed as a library-free search. Mouse phosphoproteomics data was searched with the 

directDIA mode. Default Spectronaut search parameters were used with a variable Phospho (STY) 

modification included. The PTMSiteReport file was used for analysis of phosphorylation sites. To 

count the number of unique phosphorylation sites detected within an experiment, the 

PTMSiteReport was filtered for rows with ‘Phospho (STY)’ in the ‘PTM.ModificationTitle’ 

column and values greater than or equal to 0.75 in the ‘PTM.SiteProbability’ column. The data 

table was then sorted according to ‘PTM.CollapseKey’ and filtered for unique values in the 

‘PTM.Group’. At this stage, there can be rows with the same values of ‘PTM.CollapseKey’ that 

are not filtered by ‘PTM.Group’ due to PTM grouping differing across multiple files, so the dataset 

was filtered for unique values of ‘PTM.CollapseKey’ to determine the total number of unique 

phosphorylation sites measured in a single file. Mouse phosphoproteomics data was searched 

against the mouse proteome downloaded from UniProt from Swiss-Prot and TrEMBL 

(downloaded on 25-Aug-2023). For the mitochondrial biology investigation, a separate search was 

performed with just the Swiss-Prot database to facilitate the analysis. 

HEK293T phosphoproteomics DIA data was also processed in Proteome Discoverer 

3.1.0.638 with CHIMERYS. Numbers of localized phosphosites were reported from the 

Modification Sites table after filtering for rows with ‘Phospho’ in the Modification Name column. 

These searches were performed in a developmental version of Proteome Discoverer 3.1 to show 
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that the phosphoproteomic depth achieved with our methods is not restricted to Spectronaut 

searches. However, this developmental version does not yet incorporate quantitative values for 

phosphorylation sites detected with DIA methods. Furthermore, from internal conversations, we 

know the results of this development build should be treated as preliminary and that the algorithms 

being utilized are still in active development. Consequently, we chose to perform our analyses 

using Spectronaut, which provides identification, localization, and quantification for DIA 

phosphoproteomics. 

Localization Error Rate Calculation. To calculate the localization error rate, a reference 

sheet of all the possible precursors that could be detected from the phosphopeptide standards was 

constructed with the phosphorylation sites specified. Precursors with sequences that could also 

arise from the yeast proteome (based on an in silico digest) were removed from consideration. 

Then, the error rate was calculated as Error Rate (%)=
False Sites

False Sites+True Sites
 ×100 , where ‘False Sites’ 

is the number of phosphopeptide standard precursors detected with phosphorylation states not 

indicated in the reference sheet, and ‘True Sites’ is the number of phosphopeptide standard 

precursors detected with phosphorylation states indicated in the reference sheet. This calculation 

was performed for each phosphopeptide standard raw data file, and the average error rates are 

reported as a function of the localization probability cutoff. 

Phosphopeptide Standard Quantification Calculations. The phosphopeptide standard 

reference sheet described above was modified so that each row corresponds to a phosphorylation 

site, so that the ‘PTM.Quantity’ value in the PTM Site Report could be utilized for quantification 

assessment. As described above, phosphopeptides with sequences that could arise from the yeast 

proteome were removed from consideration. Linear regression and R2 calculations were performed 
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using the ‘pearsonr’ and ‘linregress’ functions within the ‘scipy.stats’ module for phosphosites 

detected across at least three concentration points.80 

EGF-stimulated HeLa Differential Expression and Pathway Analysis. Differential 

expression analysis for the EGF treatment experiment was performed on all phosphosites that were 

detected across triplicates in either the EGF-treatment or control group. Missing value imputation 

was performed in Perseus81 assuming a normal distribution with ‘width = 0.3’ and ‘down shift = 

1.8’. Enriched phosphosites were defined as those with an absolute fold change of more than 2 and 

a p-value less than 0.05 using a two-sided t-test without a multiple testing correction. 

Pathway enrichment analysis was performed using Enrichr.82 The enriched subset contains 

genes corresponding to phosphosites that are enriched as defined above, and the background was 

performed for the rest of genes with at least one detected phosphosite. 

Sequence-based phosphosite clustering. Phosphosite sequences, along with their 5-

amino acid flanking regions, were compared using the Blosum62 substitution matrix. The top 4 

scores, representing a typical number of amino acids in kinase recognition motifs, were selected. 

These scores were subsequently averaged and transformed to a range between 0 (indicating 

identical sequences) and 1 (representing maximally different sequences). Subsequently, a 

similarity matrix between all sequence pairs was constructed and utilized to generate a 2D 

embedding space through t-SNE, implemented using the scikit-learn library.83 Default parameters 

were used, except for metric="precomputed", init="random", n_iter=500, 

n_iter_without_progress=150, and random_state=42. Additionally, Perseus was employed for 

visualization purposes.81 

Kinase Motif Enrichment. Initially, each phosphorylation site and its flanking region in 
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our dataset was used to search the kinase library website (https://kinase-

library.phosphosite.org/site, accessed on February 22nd, 2024) for predictions of all 303 

serine/threonine kinases for each site. For kinase motif enrichment analysis, only the top 15 kinases 

with regards to percentile score for each site were retained. To nominate tissue-enriched 

phosphorylation sites, we proceeded as follows: for each tissue-tissue comparison the log-

transformed abundances of all shared phosphorylation sites were subtracted from each other. For 

selection of top phosphorylation sites per tissue two different approaches were applied: a z-score 

threshold of 2 was used, or the top and bottom 200 sites were selected. For the final analysis, the 

top and bottom 200 ranked sites were used. To calculate the frequency factor for each kinase the 

proportion of how often a kinase was predicted within the top phosphorylation sites versus the 

total of top phosphorylation sites was computed, divided by the same ratio for the unchanged sites, 

i.e., not ranked among the top/bottom 200. A chi-squared test was calculated after applying 

Haldane’s correction to the contingency table of the two proportions and the p-value was extracted. 

Human variant information. Annotation of human variants in CPS1 and OPA1 were 

identified using The Human Gene Mutation Database at the Institute of Medical Genetics in 

Cardiff (HGMD) using the public site entries (retrieval date 2023-11-18 84). 

Multiple Sequence Alignment. Clustal Omega66 hosted at the EMBL-EBI webserver was 

used for protein sequence alignment using the following UniProt identifiers for CPS1: P08686, 

F7EZ, P07756, Q8C196, F1ML89, A0A8C0NKH0; for OPA1: P58281, P58281-2, O60313, 

P32266; and other dynamin family members: Q811U4, Q80U63, Q8K1M6 (retrieved from 

UniProt 2023-11-18). 

Structural modelling prediction. The PyMOL Molecular Graphics System, Version 2.5.7 
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Schrödinger, LLC. was used for predicting structural models for CPS1 (RCSB PDB: 5DOT (Apo), 

5DOU (NAG)67) and OPA1 (RCSB PDB structure 6JTG 73). For modeling purposes, the human 

crystal structures (highly homologous to mouse) were used. 

MS1 Orbitrap Scan Settings. Because Astral MS2 acquisition can be performed in parallel 

with the Orbitrap MS1 scan, we selected the 240,000 resolving power at 200 m/z scan for high-

resolution MS1 scan acquisition. This scan takes just over 0.5 s85, so we selected a 0.6 s cycle time 

(the instrument control software allows cycles times in 0.1 s increments) to maximize the Orbitrap 

MS1 duty cycle.  

MS2 Maximum Inject Time. The timing sequence for Astral analysis has been previously 

described by Stewart et al.31 Using a maximum injection time of 3.5 ms ensures that the ion 

accumulation time is close to maximally parallelized with other steps in the scan sequence. This 

setting enables a scan rate of ~200 Hz to be maintained throughout the runs. Below, the MS1 and 

MS2 cycle times are plotted for our 15-minute active gradient method with a 2 Th DIA window 

iterating over a 380-980 m/z range (a total of 300 windows). Cycle times of ~0.6 and ~1.5 s are 

observed for the MS1 and MS2 scans, respectively (Figure 2.3E). Maintaining short cycle times is 

essential as the columns employed in this study yield median chromatographic peak widths less 

than 8 seconds for our 15-minute method (as shown in Figure 2.3B).  

DIA m/z Range. The m/z range iterated over during DIA analysis is a key method 

parameter. The size of this range limits the achievable cycle time (or the minimum isolation 

window width). In our experiments, we utilized a 380-980 m/z range, a common range used for 

DIA proteomics.31,86,87  Enriched phosphopeptide samples could exhibit different m/z distributions 

than proteomics samples due to the mass shift from phosphorylation and increased missed 
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cleavages28 so we compared the use of a 380-980 m/z range with a 480-1080 m/z range for the 

analysis of EGF-stimulated HeLa phosphopeptides. We observe that the use of the 480-1080 m/z 

range decreases the number of phosphosites by ~6% (Figure 2.4D), validating our use of a 380-

980 m/z range in this study. However, we note that the optimal m/z range likely depends on the 

sample type being analyzed. 

Astral AGC target. The AGC target for the Astral analyzer influences the number of 

charges that are targeted for each scan. We utilized a target of 5e4 (500%) for DIA 

phosphoproteomics. We compared this to a method using a target of 1e4 for analysis of the EGF-

stimulated HeLa phosphopeptide samples. We note that there is no considerable difference in the 

depth achieved with these two methods (Figure 2.4E). We note that the MS2 scan total ion current 

distributions are identical for both methods (Figure 2.4F). This observation is explained by 

looking at the MS2 inject time distribution, with that both methods reach the maximum injection 

time setting of 3.5 ms for most scans (Figure 2.4G). The absence of an effect on phosphoproteomic 

depth then arises from the AGC target not being reached in either method for these particular 

analyses.  
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Abstract 

Achieving high throughput remains a challenge in MS-based proteomics for large-scale 

applications. We introduce SynchroSep-MS, a novel method for parallelized, label-free proteome 

analysis that leverages the rapid acquisition speeds of modern mass spectrometers. This approach 

employs multiple liquid chromatography columns, each with an independent sample, 

simultaneously introduced to a single mass spectrometer inlet. A precisely controlled retention 

time offset between sample injections creates distinct elution profiles, facilitating unambiguous 

analyte assignment. We modified the DIA-NN workflow to effectively process this unique 

parallelized data, accounting for retention time offsets. Using a dual-column setup with mouse 

brain peptides, SynchroSep-MS detected approximately 16,700 unique protein groups, nearly 

doubling the peptide information obtained from a conventional single proteome analysis. The 

method demonstrated excellent precision and reproducibility (median protein %RSDs less than 

4%) and high quantitative linearity (median R2 greater than 0.96) with minimal matrix interference. 

SynchroSep-MS represents a new paradigm for data collection and the first example of label-free 

multiplexed proteome analysis via parallel LC separations, offering a direct strategy to accelerate 

throughput for demanding applications like large-scale clinical cohorts and single-cell analyses 

without compromising peak capacity or causing ionization suppression. 
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Introduction 

Advances in mass spectrometry (MS)-based proteomics are largely driven by 

improvements in instrumentation, including more comprehensive and high-throughput proteomics 

methods; however, obtaining complete human proteomes has typically required extensive 

fractionation, multiple injections, and long analysis times.1,2 Recent advances in instrumentation 

that allow for MS/MS acquisition rates exceeding 200 Hz, i.e., Astral mass analyzer, have greatly 

accelerated the rate of and depth of proteome analysis. Specifically, these high MS/MS acquisition 

rates can be combined with data-independent acquisition (DIA) to enable detection of over 10,000 

proteins from human samples in just tens of minutes.3–11 With one sample at a time, two or three 

samples per hour can now be analyzed excellent proteomic depth.  That said, many clinical and 

single cell applications, for example, demand the analysis of hundreds and even thousands of 

samples.  

To satiate this throughput demand, many have now put focus on the chromatographic 

separation step. Indeed, active effort in the field seeks to dramatically accelerate the speed of 

chromatographic analysis through short gradients,5,12–19 or parallelization of sample 

loading/column washing with gradient separations using multiple columns.20–33 Shortening 

gradients, however, both erodes quantitative precision and accuracy and reduces proteomic depth. 

Multiplexing can be achieved through isotopic labeling, e.g., tandem mass tags, but that approach 

has its own complications including cost, considerably more preparation labor, ratio distortion, and 

incompatibility with DIA.  

We supposed a novel route to multiplexed, label-free DIA proteome analysis could be 

achieved by use of multiple LC columns, each with their own sample and integrated nano-
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electrospray emitter, which could be analyzed in parallel owing to the speed of the new Orbitrap 

Astral MS platform. This approach would eliminate the loss in ionization efficiency that occurs 

when multiple samples are loaded onto a single column and would provide the higher ion flux 

needed so that the MS system could operate at top speeds. Here we describe an initial 

implementation of this approach which we call SynchroSep-MS.34 
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Experimental Section 

Materials and reagents. Ultrapure water was provided by a Barnstead GenPure Pro 

system (Thermo Scientific). Trifluoroacetic acid (TFA, HPLC grade, >99.9%), chloroacetamide 

(≥98%, C0267-100G), urea (U5378-1kg), tris(2-carboxyethyl)phosphine hydrochloride (TCEP, 

C4706-2G, guanidine hydrochloride solution (6M, SRE0066), and fetal bovine serum (F2442) 

were obtained from Sigma-Aldrich. Formic acid (LC-MS grade), methanol (Optima LC/MS 

grade), acetonitrile (Optima LC-MS grade), Tris Buffer (1 M Tris pH 8.0, 0.2µm filtered, 

Invitrogen, AM9856), and Pierce Peptide Retention Time Calibration Mixture (PRTC, 88320) 

were obtained from Fisher Scientific. Lysyl Endopeptidase (LysC, 100369-826) was sourced from 

VWR. Sequencing Grade Modified Trypsin (V5113) was obtained from Promega. BCA Protein 

Assay Reagent A (23228), BCA Protein Assay B (23224), Bovin Serum Albumin Standards (2 

mg/mL, 23209), IMDM (12440053), and penicillin–streptomycin (15140122) were obtained from 

Thermo Scientific.  

Sample Preparation. All experiments were performed in accordance with the National 

Institutes of Health Guide for the Care and Use of Laboratory Animals and were approved by the 

Animal Care and Use Committee at the University of Wisconsin-Madison. Brains were harvested 

from C57BL/6J adult female mice after euthanasia and immediately frozen in liquid nitrogen. The 

brains were pulverized under liquid nitrogen into a fine powder. 

Mouse brain samples were weighed on dry ice and guanidine buffer (5.4 M guanidine 

hydrochloride, 100mM Tris, pH 8) was added. Tissue lysis was performed via vortexing and 

sonicating in a chilled sonicator bath. The protein concentration was measured using the Pierce 

BCA protein assay kit.  
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Human HAP1 KO cells acquired from Horizon Discovery were cultured in IMDM with 

1% penicillin–streptomycin and 10% fetal bovine serum at 37 °C and 5% CO2, as previously 

described.11,35 Lysis was performed in 6 M guanidine with sonication. The protein concentration 

was then measured via the Pierce BCA protein assay kit. 

After measuring the protein content of samples via the BCA assay, methanol was added to 

90% to precipitate proteins and the samples were centrifuged at 9000g for 5 minutes. The 

supernatant was removed, and the protein pellets were resolubilized in 8 M urea, 100 mM Tris, 10 

mM TCEP, 40 mM chloroacetamide, pH 8 at a target protein concentration of 1.5 mg/mL.  The 

samples were diluted to 2 M urea with 100 mM Tris, pH 8. LysC was added at a 1:50 

enzyme:protein ratio and the samples were rocked gently for 4 hours at ambient conditions. 

Trypsin was then added at a 1:50 enzyme:protein ratio and the samples were rocked gently 

overnight at ambient conditions. Digestion was quenched with 10% TFA in water and the samples 

were centrifuged for 5 min at 9000g prior to desalting with Strata-X 33 µm polymeric reversed 

phase SPE cartridges (Phenomenex). Desalted samples were dried down in a SpeedVac (Thermo 

Scientific) and reconstituted in 0.2% formic acid in water. The peptide concentration was measured 

via NanoDrop (Thermo Scientific) prior to LC-MS/MS analysis.  

Data Collection. To implement a dual column SynchroSep-MS setup, two nanoLCs were 

used. A Vanquish Neo UHPLC (Thermo Scientific) was configured on the mass spectrometer 

control computer. A contact closure line connected the Vanquish Neo to an Ultimate 3000 nLC 

(Thermo Scientific) such that the Vanquish Neo could send an output signal that was then received 

by the Ultimate 3000. The Ultimate 3000 was configured and controlled by a separate computer. 

Sample injection onto Column 1 was performed using the Vanquish Neo nLC. At the end of the 
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sample injection step in the Vanquish Neo, a relay output signal was programmed into the method. 

The Ultimate 3000 method was programmed to start sample loading only after it received a relay 

signal from the Vanquish Neo. Thus, the retention time offset could be consistently maintained. 

By adjusting the time delay of the relay signal in the Vanquish Neo method, the absolute retention 

time offset can be tuned.  

For both nLCs, mobile phase A was 0.2% formic acid in water and mobile phase B was 

80% ACN/20% water/0.2% formic acid. Columns were prepared by laser pulling emitters on silica 

capillaries (360 µm O.D., 75 µm I.D.) and packing to 40 cm with 1.7 µm BEH C18 particles, 130 

Å (Waters) at ultrahigh pressure using a custom-built high pressure packing station.36 For the 

Vanquish Neo, a gradient separation was performed at 0.3 µL/min starting by ramping from 0 to 

6% B over 2 minutes, then ramping from 6 to 47%B for 30 minutes, washing at 100% B for ~11.5 

minutes, and equilibrating at 0% B for ~25 minutes. Note that this equilibration stage was extended 

to assure mass spectrometry data collection was performed throughout the entire gradient 

separation on the second column and could likely be reduced to maximize throughput. A relay 

signal was programmed into the Vanquish Neo method at 0, 1, or 2 minutes for the retention time 

offset tuning dataset. For most of this study, the relay signal was sent at the 1-minute timepoint in 

the Vanquish Neo method. For the Ultimate 3000, sample injection was delayed until the relay 

signal was detected as an input. Upon the relay signal, sample injection was performed by drawing 

up 8 µL of transfer fluid (0.2% formic acid in water), followed by drawing up the sample and 2.4 

µL of transfer fluid using a 5 µL sample loop. The injection valve was then switched to inject onto 

the column. A gradient was ramped from 0 to 7% B over 2 minutes, followed by ramping from 7% 

B to 43% B over 30 minutes. Then, the %B was set to 100%B over 0.1 minutes followed by ~11.7 
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minutes of washing, and 10 minutes of equilibration at 0% B. The gradient conditions are slightly 

different for each LC as the specific settings were tuned to provide well distributed total ion 

chromatograms for the two columns. For this method, reproducible timing of injections is critical 

to maintain consistent retention time offsets. In our experience, the Vanquish Neo system exhibits 

higher variability in the total sample loading times, likely due to the injection preparation steps 

and sample loop pressurization step implemented. While this variability would not negatively 

impact typical performance since the retention time start is synchronized across separations, the 

use of a Vanquish Neo to control the second column might lead to variation in the delay between 

injections onto the first and second columns. We thus chose to employ an Ultimate 3000 to perform 

separations as this system does not perform as many injection preparation steps or sample loop 

pressurization and takes consistent amounts of time for sample loading across injections. 

Both emitters were aligned to the inlet capillary using a 3D-printed holder. A spray voltage 

of 2000V was applied to both columns via a liquid-liquid junction. The ion transfer tube 

temperature was set to 280°C. A DIA method was employed. 240,000 resolving power MS1 scans 

were collected in the Orbitrap analyzer with an m/z range of 380-980, with RF Lens (%) of 40, 

maximum injection time of 5 ms, and normalized AGC target of 500%. Astral MS2 scans were 

acquired with a DIA method iterating over a DIA m/z range of 380-980 with 4 Th windows (with 

1 Th overlap). The scan range in the Astral analyzer was from 150-2000 m/z, and the normalized 

AGC target was set to 500% with a maximum injection time of 5 ms, and an RF Lens (%) of 40. 

The cycle time for MS1 scans was set to 0.6 seconds. 

Data analysis. Raw data files were converted to the .mzml format with MSConvert (v. 

3.0.241192ef69)37 using the peakPicking filter set to ‘Vendor’. Dual injection files were searched 
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against a mouse protein database using the default settings for the ‘DIA_SpecLib_Quant’ 

workflow within FragPipe.38,39 The intermediate output files {file-name}_rank{rank 

number}.pepXML files were parsed using Python, where rank denotes the ranks of PSM quality 

as implemented in MSFragger-DIA algorithm. Peptide Spectral Matches (PSMs) in .pepXML files 

were filtered for an expectation value less than 1e-5. Duplicate PSMs were filtered for only pairs 

with a retention time difference greater than 30 seconds. The earlier PSM from each pair was 

assumed to be from Column 1 and the later from Column 2. The RTs from each column were used 

to construct a locally weighted scatterplot smoothing (LOWESS) model with respect to the 

Column 1 RTs using the ‘lowess’ function within the Statsmodels library40 and the ‘interp1d’ 

function within SciPy.41 The ΔRT model was defined as the difference between these models. The 

Pierce PRTC standard raw data were manually examined in Skyline (v. 24.1.0.414) to define 

experimental ΔRT values.42  

A prototype version of DIA-NN 2.2.0 was employed for searching the data.43 The prototype 

version takes in two additional parameters through the command line, --rt-shift and --rt-gap. The -

-rt-shift parameter defines the retention time offset (ΔRT) that will be applied to the retention times 

in the spectral library for searching a specific file. The --rt-gap parameter specifies the retention 

time window width that is used to search the chromatogram around the specified retention time. A 

Column 1- only injection is used for creating a retention time-aligned predicted spectral library by 

searching in DIA-NN and aligning retention times using an R script. A workflow diagram for the 

data processing procedure is shown in Figure 3.1. For the dilution series experiments, 

normalization was turned off using the --no-norm command. For data analysis, the following 

columns in the report.parquet output by DIA-NN were filtered for values less than or equal to 0.01:  
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Figure 3.1. Processing SynchroSep-MS using Prototype DIA-NN Software. A schematic 

workflow is shown for processing the dual column SynchroSep-MS data with a modified version 

of the DIA-NN software. Image Description 
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Q.Value, Lib.Q.Value, Global.Q.Value, Lib.PG.Q.Value, Global.PG.Q.Value, PG.Q.Value, 

Lib.Peptidoform.Q.Value, and Global.Peptidoform.Q.Value. 

Normal searches were performed using a mouse protein database downloaded from 

UniProt. The entrapment search was performed by combining a mouse and C. elegans protein 

database downloaded from UniProt.44 Match-between-runs (MBR) and protein inference were 

turned off for a precursor-level FDR assessment. The ‘Q.Value’ column was filtered for values 

≤0.01. For the entrapment search, the false discovery proportion (%) was calculated according to  

FDP (%) =
Nε

Nτ + Nε
× 100 

Here, Nε represents the number of C. elegans entrapment precursors, and Nτ represents the 

number of mouse target precursors. Precursors corresponding to both C. elegans and mouse protein 

identifiers were considered to be targets. 

Figures were created in Python 3.11.5 using the matplotlib library.45 Pearson correlations 

and linear regressions were calculated using ‘pearsonr’ and ‘linregress’ within SciPy.41 
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Results and Discussion 

To explore the feasibility of SynchroSep-MS, we constructed two capillary LC columns 

and aligned their integrated emitters using a 3D-printed holder (Figure 3.2A and Figure 3.2B), 

placing them both in front of the atmospheric pressure inlet of an Orbitrap Astral MS system. Each 

column was connected to a nanoLC pump such that loading and gradient elution were controlled 

independently (Figure 3.2C). To distinguish which column/sample an analyte originates from, we 

developed an injection scheme (Figure 3.2D) that imparts a time delay between the two 

separations such that any given analyte present in both samples will be detected by the MS system 

across two elution profiles separated by a defined temporal gap (Figure 3.2E and Figure 3.2F). 

Figure 3.3 presents initial results using the SynchroSep-MS technique to analyze tryptic 

peptides derived from mouse brain protein isolates. Here, identical samples were injected onto 

each column and analyzed using a 4-minute time delay and a DIA method iterating over m/z 380 

– 980 with 4 m/z bins (Orbitrap Astral). For comparison, three chromatograms are shown – (Figure 

3.3A) peptides loaded only on Column 1 and blank on Column 2, (Figure 3.3B) peptides loaded 

only on Column 2 and blank on Column 1, and (Figure 3.3C) peptides loaded on both columns. 

From Figure 3.3C, we observe that injection of peptides on both columns produces a 

chromatogram that appears as the superposition of the two single column chromatograms. Note 

the dual column injection resulted in a total ion intensity that is 94% of the sum of both single 

column injections. To determine how consistent the introduced retention time offset was across all 

peptides, we used the preliminary PSM files (.pepXML) generated by the MSFragger-DIA 

workflow39 in FragPipe to construct a model of the retention time offset (ΔRT). Specifically, 

duplicated PSMs were used to calculate the retention time offset throughout the separation, and 
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Figure 3.2. SynchroSep-MS Conceptual Overview. (A) Two packed capillary columns (75 µm 

I.D.) with integrated emitters installed in a custom-built column heater with a 3D-printed 

alignment piece. (B) Side view of emitters aligned to MS inlet. (C) Two (or more) LCs are 

connected to two (or more) columns, and the emitters are aligned to the mass spectrometer inlet. 

(D) An injection onto the first column is performed and a gradient separation is begun, followed 

by injecting a sample onto the second column and beginning a second gradient separation. The 

delay between sample injections can be controlled, allowing an adjustment of the resulting 

retention time offset (ΔRT). (E) The resulting data will have duplicate peaks in the chromatograms 

with a retention time offset of ΔRT, representing peaks from Column 1 and Column 2. (F) The 

retention time offset (ΔRT) can be modeled to determine the ΔRT throughout the gradient, which 

varies slightly throughout the gradient due to experimental variations in the columns and LC 

conditions. Image Description 
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Figure 3.3. Assignment of Peaks to the Originating Column. (A) Representative 

chromatograms for 200 ng mouse brain peptide loads onto (A) Column 1-only, (B) Column 2-only, 

and (C) both columns at once are shown. Injections onto both columns results in a chromatogram 

that is essentially the sum of the individual injection chromatograms. (D) A LOWESS model of 

the retention time offset, ΔRT, is created based off of PSMs observed twice in a FragPipe-DIA 

search. Experimental ΔRT values observed for synthetic peptide standards (Pierce PRTC standard 

mix) are plotted as blue dots. The experimental ΔRT values are based off the observed retention 

time differences between PRTC peaks across 6 observations (3 single column injection each, 3 

dual column injections). The LOWESS model was created from the data shown in (C). (E) The 

error in the ΔRT model is calculated based on the experimental values. Here, the model is accurate 

to ±0.4 min, which is small relative to the ~4-minute ΔRT shown in (B). Retention times of 
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precursors detected after searching the data shown in (A), (B), and (C) using the prototype DIA-

NN software were plotted against each other for (F) Column 1 (172,515 total overlapping 

precursors used for the analysis) and (G) Column 2 (161,310 total overlapping precursors used for 

the analysis). Strong agreement between the RTs detected in the single-column injections and dual-

column injections (as indicated by a linear regression slope of 1, y-intercept of 0, and R2 of 1.0) 

indicate accurate peak assignments. (I) The single column injections for the chromatograms shown 

in (A) and (B) were searched against both the Column 1 and Column 2 predicted RTs, alongside 

the dual column injection in (C). False positive rates of 0.4% and 0.3% were observed for Column 

1 and Column 2, respectively, indicating accurate column assignment. Image Description 
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then a local LOWESS regression model was fit to the data (Figure 3.3D). From these data, we 

conclude that the retention time offset was centered around 4 minutes; however, it varies 

throughout the chromatogram, likely due to experimental differences between chromatographic 

setups. That said, this variation was small relative to the absolute delay and this delay can be tuned 

experimentally (Figure 3.4). To further validate this conclusion, we injected a cocktail of 15 

synthetic peptides onto both columns and repeated the experiment. Manual inspection of these 

results shows excellent agreement with the local regression model (Figure 3.3E).  

From these data, we conclude that the SynchroSep-MS concept is viable, and, for full 

implementation, we next required an informatic workflow for global data processing. Accordingly, 

we modified the DIA-NN software to allow analysis of these results based on a retention time-

aligned predicted library and the time offset (see Experimental Section and Figure 3.1 for 

workflow details). Using the mouse brain peptide results described above, we validated the 

modified software’s ability to accurately assign peptide precursors to the column from which it 

eluted. Figure 3.3F and Figure 3.3G plot the retention times of precursors identified in the single 

and dual injection data. The strong agreement confirms that the software is correctly assigning 

peptides to the originating column. Figure 3.3I shows the number of identified precursors assigned 

to each column across the three files. For example, when peptides are injected only on Column 1 

(Figure 3.3A), 172,515 precursors were assigned to Column 1, while only 743 were assigned to 

Column 2. These 743 are, of course, false positives and constitute only 0.4% of the total precursors 

detected. Similar results were obtained when peptides were injected on Column 2 (Figure 3.3B). 

When samples were loaded onto both columns we detected the vast majority of peptides from the 

single column injections (91% and 78%) (Figure 3.3C). Validation of the retention time window  
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Figure 3.4. Tuning the Retention Time Offset. The ΔRT models for three analyses of a HAP1 

digest with 0, 1 and 2 minutes added delay between the injections onto Column 1 and Column 2 

are shown. Dots represent the ΔRT for features detected by MSFragger-DIA, and the lines 

represent the local regression model generated from these points. For this study, the ‘1 min Added 

Delay’ method was selected as this method offered a balance between parallelization of the 

separations and a ΔRT magnitude large enough for confident column assignment. Note that the 

delay for the ‘0 min Added Delay’ represents the minimum retention time offset achievable for this 

particular experimental setup, but this could be reduced by experimental adjustments. Image 

Description 
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Figure 3.5. RT Window Width Scouting for DIA-NN Processing. The RT window width (which 

is controlled by the --rt-gap parameter in DIA-NN) dictates how widely around the predicted 

retention time DIA-NN should look when searching for peptide features. The error rate for 

assignments of precursors to an originating column can be assessed by searching data from a 

single-injection file with predicted retention times for both Column 1 and Column 2. For an 

injection of sample onto just Column 1 (with a blank on Column 2), any precursors detected with 

the predicted RTs for Column 2 would represent incorrect assignments. The error rate can then be 

calculated as the ratio of incorrect assignments/total assignments when using the predicted RTs for 



134 

 
Column 1. Note that the reported results are for analysis with a predicted library (i.e., library-free), 

and we suppose that empirical DIA-based library (e.g., made from bulk samples and used on multi-

column analysis of single cells) could result in improved assignment accuracy. The calculated 

Column Assignment Error Rates (%) are shown for a Column 1-only injection (A) and a Column 

2- only injection (B) alongside the total number of precursors detected when using the appropriate 

predicted retention times. The dashed line indicates the window width used for analysis in this 

study. As an example of what can go wrong if the RT window is too large, the results for a search 

using a 3.5-minute window width are shown in panels (C), (D), and (E). The single column 

injections for the chromatograms shown in Figure 3.3A and Figure 3.3B were searched against 

both the Column 1 and Column 2 predicted RTs, alongside the dual column injection in Figure 

3.3C. False positive rates of 1.4% and 31.1% were observed for Column 1 and Column 2, 

respectively. The retention times of precursors detected for a dual-column and single-column 

injection for (E) Column 1 and (F) Column 2 are plotted against each other. Strong agreement 

between the RTs (as indicated by a linear regression slope of 1, y-intercept of 0, and R2 of 1.0) in 

the single and dual column injections is observed for Column 2. However, the wider RT window 

leads to many precursors detected from Column 2 being assigned to Column 1, which is observed 

as a second cluster of precursors detected at an offset retention time relative to the reference 

retention time for the single column injection. Image Description 
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width for processing is demonstrated  in Figure 3.5. We also performed an entrapment search of 

single- and dual-injection data on both columns against a combined C. elegans/Mouse protein 

database and observed consistent false discovery proportions across the different datasets, 

providing confidence that FDR control is not negatively impacted for this new type of data (Figure 

3.6). 

Figure 3.7A presents the number of proteins detected in the three experiments discussed 

above. To summarize: Column 1-only (~9,000), Column 2-only (~8,700), and Column 1 and 2 

(i.e., SynchroSep, ~8,700 from Column 1 and ~8,000 from Column 2 for a total of ~16,700). A 

more intuitive visual of these results is shown in a plot of proteins detected over time (Figure 

3.7B) and here we see the additive nature of SynchroSep-MS and how nearly identical protein 

depth for each sample can be achieved with parallel analysis. The precursor-level results are shown 

in Figure 3.8A and Figure 3.8B. As expected, the protein identifications lost in the dual injections 

relative to the single injections correspond to lower intensity proteins (Figure 3.9). Next, we 

examined the quantitative reproducibility of the method. Figure 3.7C shows excellent precision 

for quantitation with median RSDs < 5% across >7000 protein groups (see Figure 3.10 for zoom-

in). Analysis at the precursor ion level shows similar trends (Figure 3.8C). These data confirm our 

guiding supposition that fast-scanning MS/MS technology is outpacing our relatively static 

approach to one LC column and on sample at a time.  

One interesting observation in this dataset was that the depth achieved for Column 2 was 

more severely affected by the dual-column injection than Column 1 (Figure 3.7A). In this 

experimental setup, elution from Column 1 begins prior to and ends before elution of peptides 

from Column 2. Thus, during the first 5-6 minutes of elution from Column 1, there is no notable  
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Figure 3.6. External FDR Assessment via Entrapment Analysis. The calculated false discovery 

proportion (%) values at the precursor level are shown for replicate injections on both columns. 

The dashed line indicates the 1% FDR level. ‘Single Inj’ refers to a datafile generated by mouse 

peptides injection onto only a single column with a blank loaded on the other. ‘Dual Inj’ refers to 

a data file generated by injecting mouse peptides onto both columns. The entrapment search was 

performed using the workflow described in Figure 3.1 with a combined C. Elegans/mouse protein 

database. Image Description 
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Figure 3.7. Protein Group Identifications. (A) The number of protein groups detected on 

Column 1 and Column 2 for a 200-ng mouse peptide load either as a single injection (with blank 

injected on the other column) or a dual column injection (200 ng mouse peptide load on the other 

column) are shown. Error bars represent the minimum/maximum values observed across triplicate 

injections. (B) The cumulative protein group identifications as a function of retention time are 

shown for a 200-ng load only on Column 1, a 200-ng load on Column 2, and 200-ng loads on both 

columns. For the injection on both columns, protein groups assigned to different columns are 

treated as unique identifications. (C) Protein groups detected across triplicate injections were used 

to calculate %RSD values for quantification for the dual- and single-injections onto Column 1 and 

Column 2. The median %RSD and number of protein groups included in each dataset are shown 

above each violin plot. The dashed line indicates %RSD = 20. Image Description 
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Figure 3.8. Precursor Identifications. (A) The number of precursors detected on Column 1 and 

Column 2 for a 200-ng mouse peptide load either as a single injection (with blank injected on the 

other column) or a dual column injection (200-ng mouse peptide load on the other column). Error 

bars represent the minimum/maximum values observed across triplicate injections. (B) The 

cumulative precursor identifications as a function of retention time are shown for a 200-ng load 

only on Column 1, a 200=ng load on Column 2, and 200-ng loads on both columns. For the 

injection on both columns, precursors assigned to different columns are treated as unique 

identifications. (C) Precursors detected across triplicate injections were used to calculate %RSD 

values for quantification for the dual- and single-injections onto Column 1 and Column 2. The 

median %RSD values and number of precursors included in each dataset are shown above each 

violin plot. The dashed line indicates %RSD = 20. Image Description 

  



139 

 

 

Figure 3.9. Dual vs. Single-Injection Dynamic Range. Protein group intensities for the single 

injections of mouse brain are plotted in ranked order for (A) Column 1 (corresponding to Figure 

3.3A) and (B) Column 2 (corresponding to Figure 3.3B). Grey dots represent protein groups also 

detected for that column in the dual column injection (Figure 3.3C) and red dots represent proteins 

groups not detected in the dual column injection. Image Description 
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Figure 3.10. Protein Group RSD Zoom In. A zoomed in view of the protein group %RSD 

distributions shown in Figure 3.7C is shown. Note that this visualization cuts off the distribution 

at a %RSD of 25. Image Description 
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signal from Column 2 (Figure 3.3A-C). Because most precursor identifications are generated 

earlier in the gradient (Figure 3.8B), the identification performance of Column 1 might uniquely 

benefit from the absence of signal from Column 2 that would increase spectral complexity (and 

decrease the likelihood of identifications due to potential decreased dynamic range, signal-to-

noise, etc.). In contrast, the identification rate for peptides eluting later from Column 2 might 

benefit from the lack of interference from Column 1 at the end of the gradient, although the lower 

rate of precursor identification observed at the end of the gradient for the single-column injections 

(Figure 3.8B) suggests that this might not compensate for the loss of identifications earlier in the 

gradient. To further investigate this phenomenon, we binned the precursors identified in the single-

injection data by retention time and calculated the proportion of these precursors that were missing 

in the dual-injection identifications (Figure 3.11). With this analysis, we observe that Column 2 

has a higher proportion of missing precursor identifications in the earlier part of the gradient, while 

Column 2 has a higher proportion of missing precursors in the later part of the gradient. 

Additionally, the magnitude of the trend seems to be stronger for Column 2 as suggested by the 

data in Figure 3.8B. This aspect of our SynchroSep-MS dataset helps to explain why Column 2 

demonstrates a worse performance loss for dual-injections than Column 1 and suggests that 

increased spectral complexity caused by the addition of more columns for a higher degree of 

multiplexing would further diminish the identification performance. However, we hypothesize that 

the continued development of faster and more sensitive mass spectrometers will improve capacity 

to handle complex mixtures and decrease the magnitude of this phenomenon. 

Ultimately, SynchroSep-MS provides an ideal and novel avenue for multiplexed and high-

throughput proteome analysis. To achieve this goal, the approach must also provide reliable  
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Figure 3.11. RT Binning Analysis of Dual Column SynchroSep-MS Data. (A) Precursors 

detected in the single-injection files for each column were binned by their detected retention time 

(RT). Then the fraction of these precursors that were missing in the dual-injection files was 

calculated and plotted as a function of the RT bin. (B) The number of precursors detected in the 

single-injection files were plotted as a function of the RT bin. Image Description 

  



143 

 
quantification. Accordingly, we performed two dilution series experiments in triplicate. The first 

reduced the amount of peptides loaded on each column equally across a range (Direct) and the 

second evaluated effect of interference between columns by varying the loading amounts in 

opposite directions (Inverted) (Table 3.1 and Table 3.2).  

Table 3.1. Mouse Peptide Direct Dilution Series Scheme 

Column 1 Column 2 

10 ng 10 ng 

50 ng 50 ng 

100 ng 100 ng 

200 ng 200 ng 

 

Table 3.2. Mouse Peptide Inverted Dilution Series Scheme 

Column 1 Column 2 

200 ng 10 ng 

100 ng 50 ng 

50 ng 100 ng 

10 ng 200 ng 

 

The Direct dilution series results are as expected – that is, as the load level is reduced the 

protein identifications also drop (Figure 3.12A, see Figure 3.13A for precursor level results). 

Importantly, similar protein identification trends are observed in the Inverted dilution series, except 

that they move in opposing directions (Figure 3.12B, see Figure 3.13B for precursor level results). 

We note that in both experiments, Column 1 outperforms Column 2, which is likely due to variation 

in separation quality and/or emitter positioning. To evaluate quantitative performance, we 

calculated R2 values across these data and plotted the distributions for each dilution series in 

Figure 3.12C. The median R2 value was over 0.95 for all experiments (and over ~0.9 at the 

precursor level, Figure 3.13C), suggesting excellent quantitative performance. Another  
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Figure 3.12. Performance of SynchroSep-MS Method Assessed with Dilution Series. The 

number of detected protein groups are shown for (A) the Direction Dilution Series (Table 3.1) and 

(B) the Inverted Dilution Series (Table 3.2).The direct dilution series consists of injections of the 

same loading mass onto both columns, whereas the inverted dilution series uses different loads to 

represent an extreme case of varied background matrix from the other column. Error bars represent 

the minimum/maximum values observed across triplicate injections. (C) The R2 value distributions 

for Column 1 and Column 2 across the dilution series shown in Table 3.1 and Table 3.2 are shown. 

Values were only calculated for protein groups detected across at least three concentration points. 

The median R2 value and number of protein groups included in each distribution are shown above 

each plot. The dashed line indicates an R2 value of 0.8. (D) The log2-transformed quantities for 

protein groups detected across both Column 1 and Column 2 in the Direct Dilution series are 

plotted against each other. A slope less than 1 indicates that Column 1 protein quantities are 

generally higher. (E) The log2-transformed quantities for protein groups detected across both 

dilution series are plotted against each other. A slope less than 1 indicates that the direct dilution 

series protein quantities are generally higher. For this example, data on Column 1 is shown. Image 

Description 

  



145 

 

 

Figure 3.13. Performance of SynchroSep-MS Method Assessed with Dilution Series – 

Precursor Level. The number of precursors are shown for (A) the Direction Dilution Series (Table 

3.1) and (B) the Inverted Dilution Series (Table 3.2). The direct dilution series consists of 

injections of the same loading mass onto both columns, whereas the inverted dilution series uses 

different loads to represent an extreme case of varied background matrix from the other column. 

Error bars represent the minimum/maximum values observed across triplicate injections. (C) The 

R2 value distributions for Column 1 and Column 2 across the dilution series shown in Table 3.1 

and Table 3.2 are shown. Values were only calculated for precursors detected across at least three 

concentration points. The median R2 value and number of precursors included in each distribution 

are shown above each plot. The dashed line indicates an R2 value of 0.8. (D) The log2-transformed 

peak areas for precursors detected across both Column 1 and Column 2 in the Direct Dilution series 

are plotted against each other. A slope less than 1 indicates that Column 1 peak areas are generally 

higher. (E) The log2-transformed peak areas for precursors detected across both dilution series are 

plotted against each other. A slope less than 1 indicates that the direct dilution series peak areas are 

generally higher. For this example, data on Column 1 is shown. Image Description 
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Figure 3.14. Column Intensity Comparisons for the Inverted Dilution Series. The log2-

transformed quantities for (A) protein groups and (B) precursors detected across both Column 1 

and Column 2 in the Direct Dilution series are plotted against each other. A slope less than 1 

indicates that Column 1 protein quantities are generally higher. Image Description 
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performance requirement for SynchroSep-MS is that the measured quantities across columns are 

consistent. We assessed this figure of merit by plotting the quantities of proteins detected across 

Columns 1 and 2 in the Direct Dilution Series against each other and observed excellent correlation 

(Figure 3.12D). A slope of 0.989 and y-intercept of 0.063 indicate that the quantities are nearly 

identical with Column 1 having slightly higher abundances. The same analysis at the precursor 

level yields a slope of 0.93, indicating a similar trend (Figure 3.13D). Similar results were 

observed when performing the same analysis for the Inverted Dilution series (Figure 3.14). This 

difference can easily be corrected by normalization approaches and likely be eliminated by 

optimization of the experimental setup (i.e., emitter positioning). We also compared the 

abundances measured across the two dilution series schemes on Column 1 as shown in Figure 

3.12E. Strong agreement at the protein quantity level (and the precursor level, Figure 3.13E) 

indicates that the method is able to selectively quantify analytes from both columns without 

notable interference.  
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Conclusions 

Using SynchroSep-MS, we can simultaneously analyze two proteomes, acquiring nearly 

double the peptide information from a single proteome analysis, demonstrating that modern, fast-

scanning mass analyzers are capable of handling the increased analysis complexity of this method. 

Our data also shows high quantitative precision and reproducibility for analysis of a complex 

mammalian proteome. Further dilution series experiments demonstrate good quantitative linearity 

and suggest that minimal matrix interference is present for the multiplexed analysis. 

We conclude that the SynchroSep-MS method represents a new paradigm for data 

collection and the first example of label-free multiplexed proteome analysis. Although this proof-

of-concept work demonstrates the method using two columns, we envision a multi-column setup 

with four or more columns that could significantly improve analysis throughput. This multiplexed 

setup would be especially attractive for large-scale clinical cohorts and single-cell analyses. 

The main current limitation with large-scale implementation of SynchroSep-MS is the 

relative complexity of the LC pump setup. In our current efforts, each column has an independent 

pump. Moving forward, we envision splitting the flow of a single pump across the various columns 

while still maintaining the ability to load each independently. Elimination of these technical 

hurdles will allow a very direct path to accelerating the throughput of proteome analysis. Further, 

as MS analyzers continue to increase in acquisition speed, SynchroSep-MS offers a strategy to 

boost throughput without having to compress gradient lengths – which doubtless causes reduced 

peak capacity and ionization suppression of the low abundance analytes.  
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Abstract 

Nanoflow electrospray ionization is commonly used for proteomics due to its high 

sensitivity. Signal intensity, however, is dependent on optimal emitter positioning relative to the 

mass spectrometer inlet. Here, we characterize the effect of varied emitter positions on peptide 

signal intensity in all three dimensions using emitters and flows consistent with standard proteomic 

analyses. We observe improved signal robustness to x/y variations at increasing z distances and 

demonstrate that positioning within 1 to 2 mm of the optimal location will maintain consistent 

signal. Signal intensity behavior is consistent across the m/z range, suggesting emitter positions do 

not need to be fine-tuned for different analytes for proteomics analyses. These results provide 

insight for proteomics researchers using nanoflow LC-MS/MS.
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Introduction 

Owing to its high sensitivity, nanoflow electrospray liquid chromatography coupled with 

tandem mass spectrometry (nESI-LC-MS/MS) is widely used for protein sequence analysis.1,2 

Whereas high-flow electrospray sources typically have relatively fixed emitter alignments and are 

more robust to changes in emitter positioning, nESI sources frequently require manual alignment 

in three dimensions.3,4 Since the number of ions reaching the MS system can vary depending on 

the location of the nESI emitter, positioning is a critical aspect of achieving robust and reproducible 

results. 

Multiple reports illustrate the relationship between emitter positioning and electrospray 

signal intensity2,4–10; however, these studies typically examine a single dimension or evaluate 

emitters and flow regimes not typical of shotgun proteomic workflows. To understand these 

relationships, we investigate here the effect of emitter positioning on signal intensity when using 

fused-silica capillaries with integrated emitters at a flow rate of 300 nL/min, a common choice 

across the field.11–17 Experiments were conducted using an Orbitrap Ascend mass spectrometer, a 

notable example of instruments commonly used in proteome analysis,18 which features a nanoflow 

source and asymmetric inlet capillary (high-capacity transfer tube, HCTT). This work represents, 

to our knowledge, the first report in the literature characterizing how emitter positioning impacts 

signal intensity for nanoflow electrospray ionization into an inlet capillary without radial 

symmetry.  

Since most nESI emitters are manually positioned, understanding the precision in 

positioning that is required could assist in reducing batch-to-batch variation that is common in 

larger proteomic experiments. Further, recent efforts to improve the throughput of proteome 
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analysis feature the use of multiple columns with multiple emitters aligned with the source at the 

same time.19–23 By performing measurements in all three dimensions, this report provides insight 

for implementing such a multi-emitter setup.  
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Methods 

Materials and Reagents: Ultrapure water was generated with a Barnstead GenPure Pro 

system (Thermo Scientific). Tris(2-carboxyethyl)phosphine hydrochloride (TCEP, C4706-2G), 

chloroacetamide (≥98%, C0267-100G), urea (U5378-1kg), and trifluoroacetic acid (TFA, HPLC 

grade, >99.9%)  were obtained from Sigma-Aldrich. Tris Buffer (1 M Tris pH 8.0, 0.2 µm filtered, 

Invitrogen, AM9856), formic acid (LC-MS grade), acetonitrile (Optima LC/MS grade), and bovine 

serum albumin (BSA, Thermo Fisher Scientific, 23209, Albumin Standard) were obtained from 

Fisher Scientific. Trypsin (Sequencing Grade Modified Trypsin, V5113) was purchased from 

Promega. LysC (Lysyl Endopeptidase, 100369-826) was acquired from VWR. 

Sample Preparation: BSA standard was diluted to 0.5 mg/mL with a final composition of 

2 M Urea/100 mM Tris/2.5 mM TCEP/10 mM chloroacetamide. LysC was added at a 1:50 

enzyme:BSA ratio and the sample was rocked at ambient conditions for 4 hours. Trypsin was added 

at a 1:50 enzyme:BSA ratio and the sample was rocked at ambient conditions overnight. Digestion 

was quenched with 10% TFA added to pH <2. The sample was centrifuged for 5 minutes at 9,000 

g, desalted using a Strata-X 33 µm polymeric reversed phase SPE cartridge (Phenomenex), dried 

in a SpeedVac (Thermo Scientific), and resuspended in 0.2% formic acid. Peptide concentration 

was measured via NanoDrop (Thermo Scientific), and the sample was diluted to 0.5 mg/mL with 

a final solvent composition of 24% acetonitrile/0.2% formic acid. 

Data Collection: Emitter positioning measurements were performed by infusing BSA 

peptides into an Orbitrap Ascend mass spectrometer (Thermo Scientific) with a Vanquish Neo 

UHPLC (Thermo Scientific). An emitter was prepared by laser pulling and etching a fused silica 

capillary (360 µm OD, 75 µm ID) with ~10 µm tip ID24, connecting to the nanoLC,  and aligned 
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to the inlet with the x/y/z micrometer on a NanoSpray Flex source (Thermo Scientific) and the 

source camera. The origin of the coordinate system used here was defined as the center of the inlet 

capillary opening. In particular, the z = 0 plane is orthogonal to the opening of the inlet capillary, 

and the x = 0 and y = 0 planes are parallel to the inlet capillary axis. Note that the xyz stage 

positions were indicated in intervals of 1 mm, so the uncertainty of the xyz positioning is ±0.5mm. 

Positioning results are reported accordingly. Figure 4.1 shows top and side-view images of the 

starting position. The emitter angle in the y-dimension was measured to be ~17.4° using the ImageJ 

software.25 Infusion was performed by injecting 20-22 µL using Direct Control within Xcalibur at 

a flow rate of 300 nL/min and mobile phase conditions identical to the sample solvent composition. 

The infusion method provided over an hour of stable signal (Figure 4.2). For each set of 

positioning experiments, an infusion was begun, and the signal was monitored until it had 

stabilized (~15 min). Then, the emitter position was varied for data collection for no more than 

approximately 30 minutes to ensure stable spray. For this study, this procedure was performed 

once to collect data for the 1D experiments shown in Figure 4.7 and was performed once at each 

z position to generate the data in Figure 4.12. Measurements were taken at the starting positions 

throughout each data collection stage to confirm consistent signal intensity (Figure 4.3). 

A spray voltage of 2000 V was applied with transfer tube temperature of 275°C. Orbitrap 

MS1 scans were acquired at 60,000 resolving power with scan range 300–1500 m/z, 30% RF Lens 

setting, 250% Normalized AGC Target, and maximum injection time of 100 ms. Signal intensity 

was allowed to stabilize after adjusting positions. For each position, 100 scans were acquired in 

the Tune software. 
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Figure 4.1. Emitter Position Images Recorded with Source Camera. (A) Top View of the 

emitter (x/z axes). The measured distance between the inlet capillary and the emitter tip was 

calibrated based on the known 360 µm O.D. of the silica capillary. Note that the 1.990 mm 

measurement is an artifact from the camera software. (B) Side view of the emitter (y/z axes). The 

angle of the emitter axis with respect to the inlet capillary axis was measured to be ~17.4° in 

ImageJ. Note that the 1.900 mm measurement is an artifact from the camera software. Image 

Description 
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Figure 4.2. Signal Stability of Infused Peptides. (A) Signal stability over the infusion period for 

the LGEYGFQNALIVR2+ ion. Dashed lines indicate the typical time window when emitter 

positioning data was collected during the sample infusion. (B) Plot showing the rolling %RSD 

value for the LGEYGFQNALIVR2+ signal within the typical data collection window indicated in 

(A). (C) Signal stability over the infusion period for the RHPEYAVSVLLR3+ ion. Dashed lines 

indicate the typical time window when emitter positioning data was collected during the sample 

infusion. (D) Plot showing the rolling %RSD value for the RHPEYAVSVLLR3+ + signal within 

the typical data collection window indicated in (C). Rolling %RSD values were calculated over 20 

scans. Image Description  
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Figure 4.3. QC Measurements for Emitter Positioning Experiments. The position was returned 

to the starting position for each experiment periodically throughout data collection to confirm 

signal stability during the experiments. The signal intensity is shown for the (A) one-dimensional 

experiments shown in Figure 4.7, and the two-dimensional experiments shown in Figure 4.12 and 

Figure 4.13 at (B) z = -0.9, (C) z = -2.9, and (D) z = -4.9 mm. For all measurements, x = 0 mm 

and y = 0 mm. The relative standard deviations across QC measurements are shown on each plot 

with text in colors matching the corresponding peptide precursor data. Image Description   
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Data Analysis: An in silico BSA digest was performed using PeptideMass in Expasy26 

with two missed cleavages allowed. Outputs were used to select a doubly and triply charged 

precursor (LGEYGFQNALIVR2+ and RHPEYAVSVLLR3+) with high signal intensity and 

stability. Ion intensity was averaged across scans with a 15-ppm m/z tolerance using the 

‘pymsfilereader’ library in Python. Calculation of approximate full-width half-maximum 

(FWHM) values for intensity distributions was performed by fitting the data with the 

‘UnivariateSpline’ function within SciPy.27 For the global comparisons across m/z, mass spectra 

for the two extreme z-positions (at x = 0 and y = 0) were averaged in Freestyle, followed by 

exporting peak lists and filtering peaks present in both spectra (within 5 ppm) for charge > 1 and 

S/N > 300. This filtering retained higher intensity peaks more likely to be reliable indicators for 

the effect of emitter positioning on signal intensity. Pearson correlations were calculated using 

‘pearsonr’ within SciPy.27 

Geometric Calculations: The Nanospray source used in this study exhibits a ~17.4° angle 

between the central axis of the emitter and the central axis of the inlet capillary in the y dimension. 

An illustration of this geometry is shown below (Figure 4.4), where 𝜃 represents the angle, 𝑑𝑧 

represents the distance of the emitter from the inlet in the z dimension, and Δ𝑦 represents the offset 

between the emitter’s y position and the y position at the intersection of the central axis of the 

emitter and the plane of the inlet capillary. 
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Figure 4.4. Geometric Diagram of Nano-Electrospray Emitter Configuration. Image 

Description  
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For an angle, 𝜃, of 17.4° and an emitter distance, 𝑑𝑧, the offset, Δ𝑦, is defined by  

𝑑𝑧 tan 𝜃 

Thus, for the z positions shown in Figure 4.12 and Figure 4.13, the offsets are calculated as 

Table 4.1. Predicted Offsets (Δy) at Different z Distances. 

Absolute z Distance (mm) Theoretical Δy (mm) 

0.9 0.3 

2.9 0.9 

4.9 1.5 

 

This feature of the source geometry would be expected to impact the emitter positioning results in 

the y dimension if the geometric configuration of the source was a major driver of ion trajectories. 

However, this trend is not clearly observed as shown in Figure 4.5. 
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Figure 4.5. Dependence of y Intensity Distribution on z Position. For the data shown in Figure 

4.12 and Figure 4.13, the y position-dependent normalized intensity distributions (at x = 0) were 

fit to a spline interpolation function with SciPy. Data are shown at different z positions for (A) 

LGEYGFQNALIVR (+2)  and (B) RHPEYAVSVLLR (+3). The y = 0 point is indicated with a 

black line. Dots represent the experimental datapoints and the lines represent the spline function. 

Image Description
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Results and Discussion 

We characterized signal intensity dependence on emitter position for nanoflow electrospray 

by infusing a mixture of peptides generated following trypsin digestion of purified BSA in an 

Orbitrap-quadrupole linear ion trap hybrid mass spectrometer (Orbitrap Ascend Tribrid). To ensure 

LC-MS applicability, we used an emitter size (~ 10 micron orifice) and flow rate (300 nL/min) 

identical to those typical of capillary LC-MS. 11–17 The resulting MS1 analysis produced numerous 

ions across the m/z range (Figure 4.6). We selected two of these ions, a doubly protonated species 

(LGEYGFQNALIVR at m/z 740.4) and a triply protonated species (RHPEYAVSVLLR at m/z 

480.6), for their strong signal intensity and stability over the time range of the experiments here 

(Figure 4.2 and Figure 4.3). With the above setup, we tracked those m/z peaks as a function of 

emitter position in  three dimensions and  recorded intensity distributions (Figure 4.7). Figure 

4.7C presents the ion signal across x-positions, where the x = 0 plane is aligned to the central axis 

of the inlet capillary and the dashed lines depict the MS inlet opening width in this dimension (0.6 

mm, Figure 4.8).28,29 Strikingly, we observe that the signal is relatively stable and high across two 

millimeters of the x-dimension. Further, greater than 50% of the ion signal is retained at distances 

up to ~five times the width of the inlet (i.e., full width half max (FWHM)). Figure 4.7D presents 

the same concept but in the y-dimension, where good signal stability is also observed across a 

similar length of two millimeters; however, the larger inlet opening in the y-dimension (1.6 mm) 

does not appear to proportionally impact the width of the intensity distribution. The ion plume is 

roughly symmetrical in both x- and y-dimensions8; therefore, it is expected that the smaller inlet 

width in the x-dimension would have a higher probability of being in the high density region of  
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Figure 4.6. MS1 Spectra of Infused BSA Tryptic Digest. The Orbitrap MS1 spectra is shown for 

infusion of BSA peptides at x = 0 mm , y = 0 mm. z = -0.9 mm. Image Description 
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Figure 4.7. 1D Positioning Experiments. (A) The x/y/z coordinate system used for this study. 

(B) An x/y perspective of the inlet with coordinate definitions. (C) Intensity dependence on x-

position for  two selected peptides (at y=0 and z = -0.9). Dotted lines indicate the estimated position 

of the inlet capillary edges. (D) Intensity dependence on y-position for two selected peptides (at x 

= 0 and z = -0.9). Dotted lines indicate the estimated position of the inlet capillary edges. (E) 

Intensity dependence on z-position for  two selected peptides (at x = 0 and y = 0). Image 

Description 
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Figure 4.8. Inlet Capillary Drawing. A drawing of the high-capacity transfer tube (HCTT) is 

shown. Measurements are reported in mm with 0.6 mm being the width in the x dimension and 1.6 

mm being the width in the y dimension. Image Description 
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the plume than in the y-dimension. Proportional to inlet opening, the x position of the emitter 

would consequently have less of an effect on the intensity than the y position. We note the intensity 

distributions appear to be slightly off-center; however, we find the centroids of the distributions (-

0.1 and 0.3 mm, x- and y-respectively, Figure 4.9) were within the tolerance of the micrometer. 

Figure 4.7E presents the ion intensities as a function of emitter position in the z-dimension. 

Impressively, signal continues to be observed up to ~7 mm removed from the inlet at levels close 

to 50% of the highest. Not surprisingly, the highest signal is observed at the closest position, but, 

as noted above, that signal gradually declines with increasing distance. The relative intensities of 

these two peptide ions remain fairly constant at all observed z positions (Figure 4.10). Overall, 

identical trends were observed for both peptides over all dimensions. As these peptides are fairly 

high signal intensity, we wanted to confirm that the trends reported here were not biased by signal 

saturation, so we extracted signal intensities for low intensity features and compared the x, y, and 

z intensity distributions (Figure 4.11). This analysis confirms that these two peptides are 

representative of global trends for our tryptic peptide sample. 

With these unidimensional observations complete, we next characterized the three-

dimensional interplay of emitter position. For these experiments, we rastered the emitter across x, 

y, and z dimensions (Figure 4.12 and Figure 4.13). A key observation from these data is that signal 

intensity becomes more robust to x- and y-positioning as distance from the inlet increases (z-

position). This observation is likely explained by a widening and flattening of the ion plume spatial 

distribution with increasing distance as previously reported.9 Specifically, with the emitter close 

to the inlet (z = -0.9 mm), the x, y tolerance to retain ~90% signal is ~1 mm, whereas at z = -4.9 

mm the tolerance is ~2-3mm (Figure 4.14). To our knowledge, these data are the first to map the  
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Figure 4.9. Estimating Distribution Centroids. For the data shown in Figure 4.7C and Figure 

4.7D, the centroids of the distributions in the x- and y-dimensions (at z = -0.9) were determined. 

Data are shown for (A) LGEYGFQNALIVR (+2) for the x dimension, (B) RHPEYAVSVLLR 

(+3) for the x dimension, (C) LGEYGFQNALIVR (+2) for the y dimension, and (D) 

RHPEYAVSVLLR (+3) for the y dimension. Dotted black lines with text annotations indicate the 

position of the centroid calculated as 𝑥̅ = ∑(𝑥𝑖 𝐼𝑖)/∑𝐼𝑖, where 𝑥𝑖 is the x position for a datapoint 

and 𝐼𝑖 is the corresponding intensity value at that position. Image Description   
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Figure 4.10. Dependence of Precursor Intensity Ratio on z Position. The ratio of intensities for 

LGEYGFQNALIVR (+2)  and RHPEYAVSVLLR (+3) is calculated and plotted as function of z 

position using the data shown in Figure 4.7E (at x = 0 and y = 0). Image Description 
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Figure 4.11. Dependence of Signal Intensity on Emitter Position for Low Level Precursor 

Ions. Mass spectra for the two extreme z-positions in Figure 4.7E (at x = 0 and y = 0) were filtered 

for m/z peaks present in both with S/N between 50 and 100 and charge >1 to represent lower-level 

intensity peaks. The normalized intensity dependence on position is shown for the (A) x dimension, 

(B), y dimension, and (C) z dimension. Normalized intensity profiles generated from the data 

shown in Figure 4.7C-E are overlaid to compare how these agree with the lower-level signals. 

Image Description 
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Figure 4.12. 2D Positioning Experiments. Heatmaps showing intensity of LGEYGFQNALIVR 

(+2) at different x/y positions at (A) z = -0.9 mm, (B) z = -2.9 mm, and (C) z = -4.9 mm. Image 

Description 
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Figure 4.13. 2D Positioning Experiments for RHPEYAVSVLLR. Heatmaps showing the 

intensity of RHPEYAVSVLLR (+3) at different x/y positions at (A) z = -0.9 mm, (B) z = -2.9 mm, 

and (C) z = -4.9 mm. Image Description 
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Figure 4.14. Width at 90% Maximum as Function of z Position. For the data shown in Figure 

4.12 and Figure 4.13, the width at 90% maximum of the intensity distribution in the x- and y-

dimensions were approximated by fitting the data to a spline interpolation function with SciPy. 

The approximate width values for the (A) x- and (B) y-distributions are then shown for the two 

different precursors ions as a function of the z position. Image Description 
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three-dimensional space of the nESI plume in the context of the conditions that are typical in 

shotgun proteomics (i.e., capillary LC-MS).2,6,8–10,30–38 An especially exciting potential application 

of this knowledge is in the use of multiple emitters and/or parallel separations. In these cases, two 

or more emitters must be simultaneously positioned in front of the inlet, inhibiting the conventional 

alignment approaches where you put the emitter as centered and close as possible. Here, one 

desires to both achieve maximal ion signal while ensuring similar performance across the emitters. 

In such scenarios, our data suggest that moving 3-5 mm back in the z-dimension will ease the 

constraints on the x,y-positioning and reduce differences between the multiple emitters.  

The source used in this study presented the emitter such that the central axis of the emitter 

is at an angle of ~17.4° relative to the y-axis (Figure 4.7A and Figure 4.1B). Other nanoflow 

sources feature angles ranging from 0° to 90°.4,39–41 From a geometric perspective, this angle could 

shift the y-dimension ion intensity distribution to increasingly positive values as the emitter is 

positioned further away in the z-dimension (see Geometric Calculations in Methods, Figure 4.4, 

Table 4.1) due to the contributions of the initial momentum of the charged particles as they leave 

the emitter. However, we find the centers of the y-dimension intensity distributions are consistent 

at different z-positions suggesting the angle had little to no impact (Figure 4.5). Gas flow into the 

inlet capillary has a collimating effect on the electrospray plume and is the dominating factor 

controlling ion trajectories due to its influence on the aerodynamic flow of the charged 

particles.31,42 Additionally, the electrical potential difference between the emitter and the inlet 

capillary could curve the ion plume toward the inlet. These two effects would dominate especially 

as desolvation decreases droplet size over time, increasing the mobility. These mechanisms likely 

explain why the geometric effect of the angled emitter axis relative to the y-axis is not observed. 
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Finally, to ensure there are no broader analyte specific effects at play, we looked at the 

effect of position across various m/z peaks (n = 243, charge > 1, m/z values ranging from ~350 to 

~1250 m/z) stemming from the BSA tryptic digest. We plotted full-width half-maximum (FWHM) 

values for the x and y intensity distributions at the closest z position (Figure 4.15A and Figure 

4.15B) and the intensity fold changes between the closest and furthest positions (i.e., z=-0.9 and 

z=-6.9, Figure 4.15C) vs m/z. Although there is variation in measured FWHM values and fold-

change across analytes, this variation is not correlated with m/z. Note that outliers in these plots 

correspond to lower intensity peaks more likely to exhibit unstable signal for our setup (Figure 

4.16). We conclude that the effect of emitter positioning on signal intensity does not strongly 

depend on the analyte for peptide analyses, such that the same emitter position can be appropriate 

for most peptides. 
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Figure 4.15. Dependence of Emitter Position Results on m/z. Mass spectra for the two extreme 

z-positions (at x = 0 and y = 0) were filtered for m/z peaks present in both with S/N>300 and charge 

>1. The full-width half-maximum (FWHM) was approximated via spline interpolation for the (A) 

x-distribution and  (B) y-distribution at z = -0.9 mm, and (C) the fold change between the extreme 

z-positions was calculated (at x = 0, y = 0 mm). The Pearson correlation, R, of these values with 

m/z was calculated and is included at the top right of each panel. Image Description 
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Figure 4.16. Dependence of Emitter Position Results on Peak Intensity. Mass spectra for the 

two extreme z-positions (at x = 0 and y = 0) were filtered for m/z peaks present in both spectra 

with S/N > 300 and charge > 1. The full-width half-maximum (FWHM) was approximated via 

spline interpolation for the (A) x-distribution (at z = -0.9 mm) and (B) y-distribution (at z = -0.9 

mm), and (C) the fold change between the extreme z-positions (at x = 0, y = 0 mm) was calculated. 

These data show that low intensity peaks exhibit much greater variation. Image Description 
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Conclusions  

We report the dependence of peptide signal intensity on emitter positioning for nanoflow 

electrospray. Specifically, within 1-2 mm in any dimension, one can achieve reasonably consistent 

and robust signal. Distinct intensity profiles we observed here for the x- and y-dimensions likely 

arise from the asymmetric shape of the ion capillary. We demonstrate improved robustness of 

signal intensity to x/y variation at increasing z distances, an observation that will be helpful for 

positioning multiple emitters, for example.19–23  

We provide evidence that the effect of the emitter position on signal intensity does not 

strongly depend on the analyte for bottom-up proteomics analysis. This report provides insight 

into the role of emitter positioning on signal intensity for bottom-up proteomics and represents the 

first characterization of the effect of emitter position on electrospray signal intensity on an 

instrument with an inlet capillary lacking radial symmetry. Future areas of interest would be an 

examination of how trends vary across different flow rates or emitter types, as well as assessing 

how the exact intensity profiles vary across instruments with differences in their atmospheric 

interface.
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Conclusions & Future Directions 

The research presented in this dissertation focuses on the development and improvement 

of data acquisition methods for mass spectrometry-based bottom-up proteomics. Proteomics has 

potential to offer comprehensive insight into the states of biological systems to enable discovery 

and understanding of complex biological phenomena. For the realization of this potential, this 

dissertation presents progress towards proteomics methods that enable comprehensive 

characterization and quantification of proteins while maintaining high reproducibility and 

accelerating throughput to enable larger scale studies. This ambitious goal is achieved by 

leveraging new technology to develop improved proteomics methods and is described within three 

key studies that address these challenges: the development of a high performance 

phosphoproteomics method, introduction of a new label-free multiplexing method for higher 

throughput, and characterization of emitter positioning effects as a critical component of the 

experimental setup. The significance, limitations, and future directions of each of these studies are 

discussed below. 

The research presented in Chapter 2 provides an optimized method for phosphoproteomics 

using the newly introduced Orbitrap Astral mass spectrometer. Technical evaluation of the method 

demonstrated high phosphoproteomic depth, good reproducibility, good site localization accuracy, 

and high quantitative linearity. The method performance was then benchmarked against other 

instrument platforms through the analysis of control and EGF treatment groups of HeLa cells, 

yielding >200% more phosphorylation site detections than methods on other modern instrument 

platforms while leading to the same biological conclusions. These results demonstrate high method 

performance and validate the method’s ability to generate the correct biological conclusions. The 
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method was then applied to generate a comprehensive atlas of protein phosphorylation across 

various mouse tissues. Compared to the most recent study analyzing phosphorylation across mouse 

tissues1, our dataset detects >2-fold more phosphorylation sites while increasing the throughput of 

data collection by ~3-fold, representing a substantial improvement in the ability to 

comprehensively characterize protein phosphorylation events and serving as a valuable resource 

for the wider biochemistry community. This dataset confirmed previous findings regarding the 

tendency of phosphorylation events to occur on disordered regions of proteins2–4, and downstream 

analysis highlighted multiple novel phosphorylation sites with potential human disease relevance. 

The phosphoproteomics method developed and the dataset presented in this work have been used 

and applied to multiple studies in our research group and have been used by the wider proteomics 

community5–8, clearly indicating the value of the method and the dataset generated here. 

While our method and the phosphoproteomics atlas has already found utility, there are 

several limitations of this study. For benchmarking of the phosphoproteomic method to the other 

instrumentation platforms, the comparison is very direct for the Orbitrap Ascend dataset, as this 

dataset was generated using an identical chromatographic setup/method and the aliquots of the 

same samples were analyzed. In contrast, the timsTOF Pro dataset was previously generated in 

another study using an earlier generation instrument using a different sample preparation, different 

chromatographic setup, and slightly longer active acquisition period. Another limitation of this 

study regards the generation of the mouse phosphoproteomic atlas. Due to material and 

instrumentation access limitations, the atlas only includes one biological replicate, constituting 

tissues pooled from three male mice, and would have been improved by the inclusion of more 

biological replicates as well as female mice samples. Despite these limitations, this study 
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represents a substantial innovation in the analysis of the phosphoproteome. Future directions for 

this work would be the continued application to biological studies as well as adaptation of this 

method to analyze other types of PTMs and the extension to lower input material analyses. 

For modern proteome analysis using nanoflow liquid chromatography-mass spectrometry, 

the sample loading and column washing/equilibration steps, referred to as the ‘LC overhead’, 

constitute a notable fraction of the overall analysis time for an LC-MS/MS workflow. To accelerate 

the throughput of proteomics by bypassing the bottleneck of the LC overhead steps, Chapter 3 

introduces the SynchroSep-MS method. This new approach to sample multiplexing performs 

multiple gradient separations on multiple LC columns that are simultaneously eluting into the same 

mass spectrometer, resulting in improved throughput due to parallelized sample analysis without 

the need for chemical derivatization. As the mass spectrometer itself is unable to distinguish which 

column a peptide is coming from, data analysis is enabled by introducing a retention time offset 

between columns that allows for assigning eluting peptides to their originating column. This study 

demonstrates proof-of-concept for this method with a setup utilizing 2 columns and 2 LCs to 

analyze 2 samples at once with a single mass spectrometer, yielding an ~46% improvement in 

throughput. The use of the Orbitrap Astral and a narrow isolation window DIA scheme for high 

selectivity was employed to handle the increased spectral complexity observed with this method 

and a new data processing workflow was developed and validated using the DIA-NN software.9 

The method demonstrates retention of most protein identifications observed with a single column 

method while achieving higher throughput and maintaining similar quantitative performance. This 

study successfully provides proof-of-concept for the SynchroSep-MS method as a potential avenue 

for enhanced proteomics throughput.  
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The value of this study primarily consists in the proof-of-concept demonstration. For more 

routine application of this technique, further development is required. As a key step in making the 

method more accessible to the community, I note that the modifications in the DIA-NN software 

were incorporated in the currently available version of the DIA-NN software.10 Further 

development of the experimental setup will be necessary as the setup used in this study was 

complicated and not very robust. Key improvements would include use of a dual-pump LC, 

instrument control with a single computer, and development of an electrospray source that makes 

installation and emitter alignment of multiple columns easier. We observed that the alignment of 

the emitters seemed to have a large effect on the relative performances of the columns. This 

challenge will be discussed later. Optimization of the retention time offset stability over extended 

analysis periods and refinement of the retention time modeling in the data processing workflow 

would enable more routine use and increase parallelization of sample analyses by enabling use of 

a smaller retention time offset. After optimizing the experimental setup, it is also of interest to 

perform more quantitative benchmarking through the use of the matrix-matched calibration curve 

approach11  and apply the method to a biological study. Comparing these results to those generated 

with a traditional setup would serve as a validation of the utility of the method for biological 

analysis. Scaling up the method to use more columns would enable increased throughput gains. 

Handling the increased spectral complexity arising from the use of >2 columns would likely be 

enabled by further development of mass spectrometry instrumentation. The use of gas-phase ion 

mobility separations such as FAIMS or TIMS could decrease the complexity of ions entering the 

mass spectrometer. Overall, this method has promise for improving the throughput of proteome 
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analysis, but further simplifications in the implementation of the method would be needed to make 

it an attractive workflow. 

As mentioned above, we found that emitter positioning was of particular importance to the 

performance of the SynchroSep-MS method. For modern mass spectrometry instrumentation, we 

found that the literature was lacking in reports of the effect of emitter position for nanoflow 

electrospray in all three dimensions while using experimental setups similar to those used in 

modern proteomics analysis. To both address challenges with the SynchroSep-MS method and to 

fill this gap in the literature, Chapter 4 presents a detailed characterization of how emitter 

positioning affects signal intensity of tryptic peptides electrosprayed into the high-capacity inlet 

capillary common to many Thermo Fisher Scientific mass spectrometers which are broadly used 

in the proteomics community.12 The results demonstrate that using emitter positions within 1 to 2 

mm of the optima will maintain relatively consistent signal, serving as a positioning tolerance 

recommendation for researchers. Additionally, we found that the tolerance required to maintain 

relatively consistent signal increased in magnitude as the emitter was moved further away from 

the inlet in the direction of the inlet axis, suggesting that moving the emitters slightly further away 

from the inlet would minimize intensity differences between emitters when using the SynchroSep-

MS approach or other experimental setups that feature multiple emitters aligned at once.13–17 This 

study provides a set of experiments and analyses that would be valuable to carry out with other 

experimental setups, including those with different emitter types, different flow rates, and other 

mass spectrometers featuring different atmospheric pressure interfaces. The impact of using front-

end ion mobility separations such as FAIMS on the emitter positioning results would also be 
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interesting. Finally, a direct measurement of emitter positioning results with a multi-emitter setup 

would provide more conclusive information to improve the SynchroSep-MS method.  

As a combination of work presented in this dissertation, development of a 

phosphoproteomic method that takes advantage of the increased throughput of the SynchroSep-

MS approach would be of interest. Adapting the SynchroSep-MS method for phosphoproteomics 

would present a challenge due to the need for higher selectivity for effective phosphorylation site 

localization, but this challenge could be alleviated through the use of ion mobility techniques to 

simplify the mass spectra.18–20 As another future direction, the SynchroSep-MS method could be 

combined with previous multi-column work.13–16,21–30 Construction of an experimental setup with 

two sets of columns (for instance, 2 columns in Set 1 and 2 columns in Set 2) aligned to the mass 

spectrometer at the same time with one set actively eluting into the mass spectrometer while the 

column washing, equilibration, and sample loading steps were performed on the other set would 

combine the SynchroSep-MS method with previous multi-column methods for greatly improved 

use of mass spectrometry instrument time.  

Outlook 

The work presented in this dissertation addresses some of the key challenges in the analysis 

of complex proteomics samples with an emphasis on the development of data acquisition 

approaches to improve throughput and depth while maintaining high reproducibility and accuracy. 

However, the field still faces outstanding challenges for data acquisition methods, primarily the 

development of higher throughput methods, enabling more sensitive analysis for analysis of small 

sample amounts, and improving quantitative performance and method reproducibility. 
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The main approach to improving method throughput is shortening the gradient length31–35; 

however, this approach by itself typically decreases the proteomic depth achieved by the method, 

which can be detrimental for studies where lower abundance proteins are of biological 

importance.36,37 To maintain proteomics depth, the use of shorter gradients should be accompanied 

by the use of higher efficiency separations and/or faster and more sensitive mass spectrometers. 

Higher efficiency separations increase analysis throughput without sacrificing analyte resolution38, 

but are not as helpful if the mass spectrometer is not fast and sensitive enough to sample the 

narrower elution peaks.39 For data-independent acquisition, faster scanning instruments enable 

higher selectivity for MS2 analysis by allowing the use of narrower isolation windows, which can 

compensate for the reduced separation efficiency of shorter gradient separations. The use of narrow 

isolation windows enabled by the fast-scanning speed of the Orbitrap Astral mass spectrometer 

was demonstrated to have a substantial effect on method performance for the phosphoproteomic 

method described in Chapter 2. Additionally, narrow window isolation with the Orbitrap Astral 

likely supports effective analysis with the increased spectral complexity observed with the 

SynchroSep-MS method described in Chapter 3. These examples illustrate the importance of 

time-of-flight mass analyzers in modern proteomics research, as these analyzers feature the fastest 

scan speeds with recent innovations yielding high resolution and mass accuracy while achieving 

high ion transmission.40–47 Another way to enhance proteomics throughput while maintaining 

method performance is to alleviate bottlenecks in data acquisition such as the LC overhead. Thus, 

approaches like the SynchroSep-MS method and other multi-column methods13–16,21–30 that 

parallelize LC steps enable a way to bypass this throughput limitation. The combination of 

methods that alleviate LC bottlenecks with fast, sensitive, and high-resolution mass spectrometers 
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for the development of higher throughput methods with deep proteome coverage will make 

comprehensive characterization of the proteome achievable for larger scale studies. 

Sensitive analysis of low amounts of sample material represents another challenge for 

proteome analysis. For many biological studies, the amount of material that can be generated from 

biological samples is limited, and this limitation is especially severe when analyzing post-

translational modifications (PTMs) such as phosphorylation due to the need for sample enrichment 

to detect low stoichiometry modifications. The work in Chapter 2 demonstrates high detection 

depth with low sample loads of enriched phosphopeptides, demonstrating potential for high 

sensitivity phosphoproteomics, which will be further enhanced by the use of phosphopeptide 

enrichment workflows that require much less input material.48–53 The characterization of emitter 

positioning effects in Chapter 4 may also play a role in improving sensitivity by understanding 

the tolerances of emitter positioning needed to maximize ion signal while maintaining good 

reproducibility. Overall, improvements in method sensitivity will enable new analyses that were 

not previously possible. 

Finally, quantitative performance and reproducibility are important for proteomics 

methods.11,54–56 The development of methods that enhance quantitative accuracy and 

reproducibility results in improved biological analysis by enabling measurement of more subtle 

distinctions between biological conditions. Assessment of quantitative performance using 

approaches like a matrix-matched calibration curve enable reliable comparison of different 

methods11 and will become especially important as new methods and instrumentation become 

available.54–60 As higher throughput methods using shorter gradients become more common, 

quantitative assessment will be even more important, as shorter gradients can lead to worse 
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chromatographic peak sampling and increased co-elution and quantitative interference.61 The 

methods developed in Chapter 2 and Chapter 3 both demonstrate assessments of quantitative 

performance. While good quantitative linearity was demonstrated using synthetic phosphopeptides 

in Chapter 2, the development of a matrix-matched calibration curve approach for 

phosphoproteomics would allow a more global assessment of method performance. For the 

SynchroSep-MS method in Chapter 3, a dilution series was used to confirm consistent quantitative 

performance across the single- and dual-column methods, but a matrix-matched calibration curve 

approach could provide more fine-grained insight into quantitative impacts observed when moving 

from the traditional single-column to the dual-column SynchroSep-MS method. For mass 

spectrometry analysis, higher signal intensity generally leads to greater precision. The 

characterizations of emitter positioning effects presented in Chapter 4 will enable a more strategic 

approach to optimizing signal intensity. This work could also help improve reproducibility by 

guiding the selection of consistent emitter positions to use when the electrospray emitter must be 

repositioned multiple times throughout a study. Especially as modern proteomics methods began 

achieving comprehensive characterization of proteomes, a focus on quantitative performance and 

reproducibility will become increasingly important for future development efforts. 

The proteomics field now offers many approaches for sample preparation, data acquisition, 

and data processing. The workflow that is selected should be aligned with the goals of the 

biological study. For example, a study aimed at generating a comprehensive set of observed protein 

modifications in a particular set of samples might select a workflow optimized for identification 

depth.62 In contrast, a clinical proteomics study aimed at detecting biomarkers might employ a 

method optimized for quantitative accuracy and precision with high robustness to facilitate 
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sustained analysis of a large sample set.63 Similarly, different studies might prioritize minimization 

of false positive versus false negative results. A discovery proteomics analysis performed in cell 

lines or a simple model organism, where downstream validation is easier, might tolerate an 

increased false positive rate compared to a proteomics study that will inform the selection of targets 

for a larger-scale clinical study. Careful consideration of the goals of a biological study will inform 

the selection of a proteomics workflow with the necessary performance criteria. 

Overall, the ongoing development of new data acquisition methods expands the 

possibilities of measurement. In this dissertation, substantial progress is made in the development 

of higher throughput methods that achieve high proteomic depth, and groundwork is laid toward 

improving quantitative performance and reproducibility when performing comprehensive 

proteome characterization. The continued development of these proteomics methods will enable 

the discovery of new biochemical insight as highlighted in the quote at the beginning of this 

dissertation: “…improved analytical methods always yield new chemical results.” 64,65 
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Appendix 1: Image Descriptions 

Figure 2.1. Overview of Orbitrap Astral MS and its key figures of merit. A multi-panel figure 

is shown. Panel A shows an annotated schematic of the Orbitrap Astral mass spectrometer 

highlighting different key components in including features of the Astral analyzer like the ion 

processor, injection optics, ion foil, and asymmetric ion mirrors. Panel B shows an annotated 

phosphopeptide fragmentation spectrum, demonstrating high sequence coverage for the peptide 

and 73.7% of the TIC annotated for a spectrum containing 5.7e4 charges. Panel C compares the 

resolution vs m/z for the Astral and theoretical Orbitrap resolution. The Orbitrap resolution drops 

with increasing m/z, whereas the Astral resolution is relatively stable with m/z with the 5-95% 

confidence interval ranging from about 60k to 150k and reaching almost 300k at the higher m/z 

values. Panel D shows the distribution of mass error centered tightly around zero and 95% of the 

distribution within 5ppm error. See figure caption for detailed description. 

 

Figure 2.2 Overview of DIA phosphoproteomics on the Orbitrap Astral MS. A multi-panel 

figure is shown. Panel A is a schematic representation of parallelized MS1 and rapid MS2 scans. 

Large blue boxes represent the MS1 scan range and time, and small red boxes represent the MS2 

scan ranges and times. The MS1 scans are represented as acquiring every 0.6 s for a total 

acquisition time over a broad m/z range. The MS2 scans are represented as iterating over the same 

m/z range in 2 Thomson intervals with an interscan time of 5 milliseconds. A zoom-in shows the 

MS2 scan representation more clearly. Panel B shows a bar plot indicating that an isolation width 

of 2 Thomson produces more localized phosphosites than an isolation width of 4 Th. Both  bars 

show tight error bars. Panel C shows a line plot indicating increasing relative depth with increasing 

loading mass with saturation reached at around 250 nanograms. The loading masses range from 

50 to 1000 nanograms. Panel D shows a line plot indicating slight increases in Relative Depth (%) 

with increasing gradient length with three data points with tight error bars and ranging from 7 -30-

minute gradient lengths. Panel E shows stacked bar plots indicating data completeness of 

phosphosites across triplicate analyses at three different gradient lengths. The data completeness 

increases with gradient length. Different colors are used to indicate the number of phosphosites 

meeting a particular Data Completeness Across Triplicates with labels indicating the percentage 

of each Data Completeness for each gradient length. Panel F shows violin plots of %RSD values 

showing that the %RSD median value decreases with increasing gradient length. Most of the 

distributions for all gradient lengths are below the 20% line. Panel G compares internal and 

external FDR measurements for all and phosphorylated precursors by showing line plots of the 

number of precursors as a function of estimated precursor FDR. The internal and external FDR 

lines converge at higher FDRs. The FDR curves for all precursors and phospho precursors show 

similar trends. Panel H shows cumulative distributions of localization probabilities for 

phosphorylation on S,T,Y, and P residues. The S residue curve is shifted towards the highest 
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probabilities followed by the T and Y curves. The P distribution is shifted toward lower localization 

probabilities. Panel I plots the average error rate versus localization probability cutoff, which 

decreases with increases cutoff. Panel J shows a histogram of Pearson R squared values with most 

values over 0.95. See figure caption for detailed description. 

 

Figure 2.3 Chromatographic Properties of HEK293T Phosphoproteomics Datasets. A multi-

panel figure is shown. Panel A shows representative chromatograms for the 7, 15 and 30-minute 

active gradient methods with blue curves showing the %B gradient settings. Panels B-D show 

violin plots distributions for chromatographic baseline widths, MS1 points across baseline, and 

MS2 points baseline at the three gradient lengths. Each of these distributions shift to higher values 

at the longer gradient times. Panel E shows a scatter plot of MS1 and MS2 cycle times across 

retention time. The MS1 cycle times are around 0.6 seconds and the MS2 cycle times are around 

1.5 seconds. See figure caption for detailed description. 

 

Figure 2.4. Evaluation of Phosphoproteomic Method and Processing Parameters. A multi-

panel graph is shown. Panel A is a grouped bar chart comparing localized phosphosites across three 

gradient lengths for Spectronaut 17 and PD 3.. The number of sites increases with gradient length 

and CHIMERYS identifies substantially more sites. For each gradient length, the left bar is the 

Spectronaut results and the right bar is for PD 3.1. Panel B shows a stacked bar chart of total 

phosphopeptides for isolation widths 2 and 4, colored by peptide multiplicity. The multiplicity 

distributions are similar for each with 2 Thomson generating more phosphopeptide detections. For 

both bars, the majority of sites have a multiplicity of 1 with just 5-10% of the bar visually 

indicating multiplicity 2. It is not possible to visually distinguish multiplicity 3 and 4 values from 

this figure. Panel C is a violin plot showing the site localization probability distribution for 

isolation widths 2 and 4, with slightly higher values for the 2 Thomson width. A dashed line 

indicated that most sites are above the 0.75 threshold. Panels D and E are bar charts of localized 

phosphosites against DIA m/z range (380-980, 480-1080) and AGC Target (1e4, 5e4), respectively. 

The 380-980 m/z range slightly outperforms 480-1080. The AGC target values do not have a 

noticeable effect. Panel F is a line histogram displaying the frequency of MS2 Total Ion Current 

for two AGC targets, with a logarithmic x-axis. Both curves are basically identical. Panel G is a 

line histogram showing the frequency of MS2 Injection Time for two AGC targets with nearly 

identical distributions but the 5e4 AGC target has a slightly higher peak at 3.5 milliseconds. The 

distributions for Panels F and G across AGC target are nearly identical. Panel H contains four 

separate bar charts showing localized phosphosites versus localization probability for Tyrosine, 

Threonine, Serine, and Proline, with y-axes plotted on a logarithmic scale. The proline distribution 

is shifted toward lower localization probabilities. See figure caption for detailed description. 

 



212 

 
Figure 2.5. Validation of Site Localization and Quantification using Synthetic 

Phosphopeptide Standards. A multi-panel figure is shown. Panel A shows a bar plot of error rates 

as function of localization probability cutoff which decrease with increasing cutoff. The reported 

error rates for the Bekker-Jensen et al study are higher than a re-analysis of their data, and the error 

rates for the Orbitrap Astral are lower panel. At each probability cutoff, the leftmost bar is for the 

‘Reported’ group, the middle bar is for the ‘Re-Analysis’ group, and the rightmost bar is for the 

‘Orbitrap Astral’ group. Panel B shows a bar plot with only a slight drop in average correct 

precursors with increasing localization probability cutoff. Panel C shows a stacked bar plot 

showing a high degree of data completeness for the standards detected across triplicates at different 

columns loads. The completeness gets worse at the lower column loads with most of the sites 

demonstrating a completeness of 3 at the 10000 attomole load and this decreasing down to about 

50% of the sites demonstrating a completeness of 3 at the 39 attomole column load. Panel D shows 

calibration curves for three of the synthetic phosphosites, showing R squared values >0.96 for 

each. Panel E shows the overlap of the yeast phosphopeptide background intensity distribution and 

the synthetic phosphopeptide intensity at different column loads for the synthetic standards, 

showing that the range of column loads covers the full range of intensity values observed in the 

yeast background. For this panel, the yeast distribution is indicated in black and the synthetic 

standard distribution is shown in blue. The black yeast distribution is consistent across all of the 

plots and is a smoother curve than the standard distribution. See figure caption for detailed 

description. 

 

Figure 2.6. Biological validation of phosphoproteomics platforms using EGF stimulation. A 

multi-panel figure is shown comparing the results for analyses of EGF-treated and control HeLa 

cells across the Astral, Ascend, and timsTOF platforms. Panel A shows stacked bar plots of the 

number of phosphosites detected for each platform with the Astral detecting much more sites than 

the others and the Ascend having the highest proportion of sites detected across triplicates. Colors 

indicate the data completeness with % values annotated for the 3 of 3 completeness value. Panel 

B and C show overlapping intensity distributions for sites unique to Astral and overlapping with 

the timsTOF and Ascend datasets, showing that overlapping sites are biased to higher intensities. 

The large distributions in blue correspond to the Astral unique sites. Panel D shows intensity 

distributions for unique timsTOF sites and overlapping with Astral, showing the overlapping sites 

are fairly well distributed across intensities. The taller blue distribution corresponds to the timsTOF 

unique sites. Panel E shows a Venn diagram showing strong overlap of detected sites across 

platform with the Astral dataset having the most unique sites. Panel F shows three volcano plots 

for each platform looking at site differences between conditions. Similar results are obtained for 

the annotated EGFR sites. Datapoints with fold change >2 and p-value are considered significant 

and are colored blue. The datapoints that are labeled are colored solid blue if they are considered 
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significant and are colored with just a black outline if they are not significant. Panel G shows a 

pathway enrichment analysis (odd ratio vs -log10(p-value)) highlighting that each platform's 

dataset showed enrichment for both the EGF/EGFR signaling pathway and ERK activation. The 

colored blue dots indicate EGF/ERBB terms. See figure caption for detailed description. 

 

Figure 2.7. Mouse Phosphorylation Atlas Workflow and Results. A multi panel figure is shown. 

Panel A shows graphics illustrating the tissues analyzed and the sample prep and data acquisition 

workflow. Panel B shows stacked bar plots of the number of phosphorylation sites detected in each 

tissue and overall for the Huttlin et al. study and this study. The proportion of S,T,Y sites are 

illustrated with different colors. The vast majority of sites occur on S, with a smaller proportion 

occurring on T, and the smallest proportion on Y. For the ‘All’ bars, these proportions are labeled. 

This study identified much more sites overall. Panel C shows histograms for the number of tissues 

a phosphosite was observed in with the Huttlin et al. paper showing most sites detected in 1 tissue. 

This study shows the distribution shifted toward more tissues with a notable bump for phosphosites 

detected in all 12 tissues. Panels D and E show intensity distributions as function of number of 

tissues observed in, with the intensity distributions shifting to higher intensity values as the number 

of tissues increased for this study and the Huttlin et al. study. respectively. See figure caption for 

detailed description. 

 

Figure 2.8. Proteomic Profiling of Mouse Tissues. A multi-panel figure is shown. Panel A shows 

two stacked bar plots for the Huttlin et al. study and this study. The bar plots show that this study 

detected much more gene products and that almost all the Huttlin et al. study gene products overlap 

with this study and about half of gene products detected in this study for overlapping tissue being 

common between studies. Panels B-D show PCA analysis results of the two studies. Panel B shows 

clear separation between samples in this study and the Huttlin et al study along the Component 1 

axis. Panel C shows the loading plot for Component 1 and 2 with HBB 1 and HBB 2 noted as 

outliers. Panel D shows that the tissues for each study group together closely when plotting 

Component 2 and 3. See figure caption for detailed description. 

 

Figure 2.9. Mouse Phosphorylation Atlas Comparison to Huttlin et al. A multi-panel figure is 

shown. Panel A shows two stacked bar plots for the Huttlin et al. study and this study. The bar plots 

show that this study detected much more phosphosites and that almost half of the Huttlin et al. 

study phosphosites overlap with this study with small amounts of sites in this study overlapping 

with the Huttlin et al. study. Panel B shows a heatmap showing relative site intensities across 

different sites. Labels below the graph indicate regions of the heatmap where a particular tissue is 

divergent from the rest. Panel C shows the distribution of intensities for phosphorylated S, T, and 
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Y. The S distribution is shifted toward the highest values, followed by the T distribution. The Y 

distribution is shifted toward lower values. 

 

Figure 2.10. Mouse Phosphorylation Atlas Comparison to Giansanti et al. A multi-panel figure 

is shown. Panel A shows two stacked bar plots for the Giansanti et al. study and this study. The bar 

plots show that this study detected about 2-fold more phosphosites and that a little more than half 

of the Giansanti et al. study phosphosites overlap with this study with one-fourth to one-third of 

sites in this study overlapping with the Giansanti et al. study. Panel B shows the distributions of 

how many tissues a site was observed in for both studies with similar shapes observed, but this 

study having a bit more sites detected in just 1 tissue. Panel C shows a stacked bar plot showing 

that this study detected about 2-fold more sites with a higher percentage of phosphorylated Y 

residues detected in this study. The majority of the sites are on S, with a smaller portion on T, and 

the smallest portion on Y. See figure caption for detailed description. 

 

Figure 2.11. Sequence and Structural Context of Phosphosites. A multi-panel figure is shown. 

Panel A shows a t-SNE representation of phosphosites and flanking sequences with clusters 

indicated. Density is represented by color and clusters indicate regions of high density. Panel B 

shows site motifs for each cluster. Panel C shows the same t-SNE plot with ERK1/2/5 and 

CDK1/2/4/5 sites colored differently with a main cluster circled. Panel D shows pY sites in red 

with minimal overlap with the circled region. There is a small amount of overlap of the pY sites 

with the indicated sites in panel C. Panel E shows distribution of pLDDT scores for phosphorylated 

and other residues. Bimodal distributions are observed with phosphorylated residues showing 

enrichment in lower pLDDT scores. Panel F shows the same plot in Panel E as a cumulative 

distribution plot. Panel G plots the pLDDT score as a function of distance between alpha carbons 

for un-phosphorylated and phosphorylated STY. There are repeating patterns of dips in the pLDDT 

score, which is more notable in the phosphorylated curve. The unphosphorylated curve 

consistently shows higher pLDDT scores. See figure caption for detailed description. 

 

Figure 2.12. Sequence, Structural and Kinase Specificity Context of Phosphosites. A multi-

panel figure is shown. Panel A shows a t-SNE representation of phosphosites and flanking 

sequences with clusters indicated. Density is represented by color and clusters indicate regions of 

high density. Panel B shows site motifs for each cluster. Panel C shows distribution of pLDDT 

scores for phosphorylated and other residues. Bimodal distributions are observed with 

phosphorylated residues showing enrichment in lower pLDDT scores. Panel D shows a schematic 

representation of the kinase prediction workflow. Panel E shows a plot showing the number of 

kinases matched to phosphosites. Many phosphosites are just assigned to a few kinases but there 

are some that are assigned to many kinases. The site percentile shows high percentiles in blue and 
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lower in gray shades. Most of the high percentile plots are at the bottom left of the plot. Panel F 

shows a plot of the site abundance differences between brain and liver. Panel G shows a volcano 

plot of kinase enrichment between brain and liver with significant kinases annotated on the plot. 

Brain enriched datapoints are on the right of the figure and liver enriched datapoints are on the 

left. See figure caption for detailed description. 

 

Figure 2.13. Kinase Enrichment Across Tissues. A large figure showing pairwise comparisons 

of kinase enrichment across all tissues. Volcano plots comparing the Log2(frequency factor) to the 

-log10(p-value) are shown for predicted kinases. Each plot is annotated with indicating kinases 

that show large differences in kinase enrichment between tissues. Blue dots on the left side of each 

volcano plot indicate enriched datapoints for the tissue labeled on the top side of the overall figure 

and red dots on the right side of each volcano plot indicate enriched datapoints for the tissue labeled 

on the right side of the overall figure. See figure caption for detailed description. 

 

Figure 2.14. Mitochondrial phosphoproteomics reveals novel liver-specific phosphorylation 

site. A multi-panel figure is shown. Panel A shows a bar plot of phosphosites and their Phosphosite 

Plus Categories: Characterized, Known, and Novel. A small percentage of sites are 'Characterized' 

and over 50% of sites are 'Novel'. The bar on the left is ‘Characterized sites’, the middle bar is 

‘Known sites’, and the bar on the right is ‘Novel sites’. Panel B shows a bar plot showing that 

~500 proteins in the MitoCarta 3.0 database are not phosphorylated and >600 proteins are 

phosphorylated. The left bar is ‘Not phosphorylated’ and the right bar is ‘Phosphorylated’. Panel 

C shows the distribution of number of tissues a site was detected in for mitochondrial phospho 

sites. The bars are colored to indicate the number of novel sites. The majority of sites are detected 

in one tissue and the number of novel sites (indicated by the color of the bar) decreases with the 

number of tissues in which a phospho site is present in. Panel D shows a graphic of the 

mitochondria and an upset plot of mitochondrial sites across tissues with labels for different 

mitochondrial location classifications. The liver has the most unique mitochondrial phosphosites. 

Panel E shows a scatter plot of protein rank versus number of detected phospho sites with color 

indicating the number of novel sites. Cps1 is strong outlier with the highest rank and the greatest 

number of sites and the many novel sites. In general, the number of novel sites (indicated by 

datapoint color) increases from the left to the right of the graph. Panel F shows a representation of 

the Cps1 domains with previously identified and novel phosphosites indicated along the domain 

map. Panel G shows a sequence alignment of CPS1 across species. Panel H shows proteins 

structures for the Apo and NAG bound forms with the R1453 and Y1450 residues indicated. See 

figure caption for detailed description. 
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Figure 2.15. TCA cycle phosphorylation events and occurrence of phosphorylation sites 

across tissues. A multi-panel figure is shown. Panel A shows a GSEA analysis indicating enriched 

KEGG pathways. The citric acid cycle has the greatest fold enrichment. The -log10(FDR) is shown 

with coloring. There is a slight trend toward higher -log10(FDR) values going from the top to the 

bottom of the plot. Panel B shows a bar plot of Phosphosite Plus categories (Novel, Characterized, 

and Known sites) for TCA cycle proteins, showing many novel sites on these proteins. For most 

of these proteins, the novel sites are the majority of the detected sites. The novel site coloring is at 

the top of the bars, the characterized site coloring is in the middle (only observable for the Cs 

protein) and the known site coloring is on the bottom. Panel C shows the distribution of number 

of tissues in which phosphorylation sites were detected in. See figure caption for detailed 

description. 

 

Figure 2.16. Unique phosphorylation sites in brain tissue. A multi-panel figure is shown. Panel 

A shows a stacked bar plot of phosphosites across tissues that are tissue-specific vs not tissue-

specific. The brain has the highest number of tissue-specific phosphosites. Panel B shows the 

number of outliers per tissue as a bar plot with color indicating the number of novel sites. In 

general, the proportion of novel sites decreases from left to right. The brain has many novel sites 

and has the most outliers per tissue. Panel C shows a scatter plot showing the z-score for 

phosphosites. Opa1_S298 is indicated as a phosphosite on the higher end of z-scores. Panel D 

shows a domain representation of OPA1 with phosphosites indicated on it. Panel E shows a 

sequence alignment of OPA1 across species. Panel F shows the structure of OPA1 with the S298 

site labeled in a zoom-in. See figure caption for detailed description. 

 

Figure 2.17. Z-score based outlier analysis and phosphorylation sites on Opa1. A multi-panel 

figure is shown. Panel A shows a heatmap of phosphosite z-scores across tissues. The z-score 

values are represented with a color gradient. Panel B shows distributions of z-score for each tissue. 

The brain distribution is bimodal. Panel C shows a domain representation of OPA1 with novel 

phosphosites. For each phosphosite, an overlap plot indicates which tissue it was detected in. See 

figure caption for detailed description. 

 

Figure 3.1. Processing SynchroSep-MS using Prototype DIA-NN Software. A flowchart 

describing how data processing is performed. The workflow involves collecting a single column 

injection of a representative sample on Column 1 of the dual column setup, searching this data 

with a DIA-NN predicted spectral library, converting the library file to a .parquet format, aligning 

retention times in the predicted library to experimental retention times in the report.parquet output 

using an R script. Then the aligned spectral library is converted to a .skyline.speclib format by 

loading the .parquet file into DIA-NN and running without any raw data included. Then this library 
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is used to search dual injection files by supplying a RT window width parameter (--rt-gap) 

controlling the RT window width for extraction of ion signals and a retention time offset parameter 

(--rt-shift) that specifies a retention time offset to use when searching the files. Multiple --rt-shift 

commands can be used to search for multiple SynchroSep-MS channels contained within a single 

raw file. See figure caption for detailed description. 

 

 
 A multi-panel figure illustrating the SynchroSep-MS concept. The first two panels show images 

of the two capillary columns in the same column heater and emitters aligned to the MS inlet at the 

same time. Panel C shows a schematic showing how each column is connected to a unique LC and 

aligned to a single mass spec. Panel D shows a conceptual representation of how an injection is 

performed and a separation starts on Column 1 and then the injection onto Column 2 is performed 

such that the separation windows overlap between columns. Panel E shows an image where the 

peak for Column 2 has a later retention time than Column 2. Panel F shows line plots illustrating 

how there is a retention time offset between the two columns. See figure caption for detailed 

description. 

 

Figure 3.3. Assignment of Peaks to the Originating Column. A multi-panel figure is shown. 

Panels A-C show example chromatograms for a Column 1 single injection, Column 2 single 

injection, and dual column injection, respectively. Panel D plots the retention time offset as 

function of retention time which is a non-linear relationship but is typically about 4 minutes. The 

agreement between experimental data points and the model is shown. Panel E shows the error in 

the retention time offset model as a function of retention time. In general, the model accuracy is 

within about 0.3 minutes. Panel F and G show scatter plots of dual vs single-injection retention 

times for detected precursors on Column 1 and Column 2, respectively. Excellent agreement is 

observed. Panel I shows a bar plot showing the number of precursors assigned to Column 1 or 2 

detected with a Column 1 injection, Column 2 injection, or combined injection. For each of these 

conditions, the Precursors with a Column 1 Predicted RT are indicated with the left bar, and 

Precursors with a Column 2 Predicted RT are indicated with the right bar. For the single column 

injections, less than 0.5% of detected precursors were assigned to the other column. For the dual 

column injection, Column 1 retains almost all detections as in the single injection and Column 2 

retains fewer but still a large majority of precursor detections. See figure caption for detailed 

description. 

 

Figure 3.4. Tuning the Retention Time Offset. A scatter plot showing the retention time offset 

across retention time for methods with different added delay times, showing that increased added 

delay leads to increased retention time offsets. The 0 min Added Delay data points are the lowest 
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curve, the 1 min Added Delay data points are the middle curve and the 2 min Added Delay data 

points are the  top curve. See figure caption for detailed description. 

 

Figure 3.5. RT Window Width Scouting for DIA-NN Processing. A multi-panel figure is shown. 

Panels A and B plot the column assignment error rates (square datapoints) and number of 

precursors detected (circular datapoints) as a function of RT window width for Column 1 RT search 

and Column 2 RT search, respectively. The number of precursors detected stays fairly consistent 

for both plots. The error rate rises quickly above 2.5 minutes window width, reaching >30% for 

Panel A and >1.4% for Panel B. Panel C shows a bar plot showing the number of precursors 

assigned to Column 1 or 2 detected with a Column 1 injection, Column 2 injection, or combined 

injection. For each of these conditions, the Precursors with a Column 1 Predicted RT are indicated 

with the left bar, and Precursors with a Column 2 Predicted Rt are indicated with the right bar. For 

the Column 1 only injection, about 1.5% of detected precursors were assigned to Column 2. For 

Column 2 only injection, about 31% of precursors were assigned to Column 1. For the dual column 

injection, Column 1 retains the almost all detections as in the single injection and Column 2 retains 

fewer but still a large majority of precursor detections. Panel D and E show scatter plots of dual vs 

single-injection retention times for detected precursors on Column 1 and Column 2, respectively. 

Excellent agreement is observed for Column 2, but Column 1 reveals a large amount of different 

retention times detected between the dual injection and single injection. See figure caption for 

detailed description. 

 

Figure 3.6. External FDR Assessment via Entrapment Analysis. A bar chart showing the False 

Discovery Proportions across triplicate analyses for the Single Injection Column 1, Dual Injection 

Column 2, Single Injection Column 2 and Dual Injection Column 2. Each value is around 0.4-

0.5%. See figure caption for detailed description. 

 

Figure 3.7. Protein Group Identifications. A multi-panel figure is shown. Panel A shows the 

number of Protein Groups for Column 1 and Column 2 and for the Single and Dual Injection. 

Single Injections are shown as the left bar, and Dual Injections are shown as the right bar for the 

Column 1 and Column 2 data. Protein groups are similar between the Single and Dual injections, 

with a slight decrease for the Column 1 Dual injection, and a slightly larger decrease for the 

Column 2 Single Injection. Panel B is a line plot showing the cumulative protein group detections 

as a function of retention time for the Column 1 Single Injection, the Column 2 Single Injection 

and the Dual Column injection. The Column 2 curve is shifted to the right of the Column 1 curve, 

and the Dual Injection curve appears as the sum of the two curves. Panel C shows violin plots for 

%RSD values for protein groups for the Single Injection Column 1, Dual Injection Column 1, 
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Single Injection Column 2, and Dual Injection Column 2. The median is about 3.5% across all the 

datasets. See figure caption for detailed description. 

 

Figure 3.8. Precursor Identifications. A multi-panel figure is shown. Panel A shows the number 

of precursors for Column 1 and Column 2 and for the Single and Dual Injection. Single Injections 

are shown as the left bar, and Dual Injections are shown as the right bar for the Column 1 and 

Column 2 data. Precursors are similar between the Single and Dual injections, with a slight 

decrease for the Column 1 Dual injection, and a slightly larger decrease for the Column 2 Single 

Injection. Panel B is a line plot showing the cumulative precursor detections as a function of 

retention time for the Column 1 Single Injection, the Column 2 Single Injection and the Dual 

Column injection. The Column 2 curve is shifted to the right of the Column 1 curve and the Dual 

Injection curve appears as the sum of the two curves. Panel C shows violin plots for %RSD values 

for precursors for the Single Injection Column 1, Dual Injection Column 1, Single Injection 

Column 2, and Dual Injection Column 2. The median is about 9.5% across all the datasets. See 

figure caption for detailed description. 

 

Figure 3.9. Dual vs. Single-Injection Dynamic Range. A two panel figure showing scatter plots 

of Protein Group MaxLFQ quantity as a function of protein rank. The data points are colored based 

on whether they were detected in both the dual and single injection method or just the single 

injection. The data is similar for Column 1 and Column 2, showing that most of the protein groups 

unique to the single column injection exhibit much lower MaxLFQ quantities. See figure caption 

for detailed description. 

 

Figure 3.10. Protein Group RSD Zoom In. A violin plot showing the distribution of %RSD 

values for Single Injection Column 1, Dual Injection Column 1, Single Injection Column 2, and 

Dual Injection Column 2. All distributions appear similar. See figure caption for detailed 

description. 

 

Figure 3.11. RT Binning Analysis of Dual Column SynchroSep-MS Data. A two panel figure 

is shown. The top panel shows histograms of the fraction of mission precursors at different RT 

timepoints. At each RT Bin center, the Column 1 bar is on the left and the Column 2 bar is on the 

right. Column 1 has lower fraction of missing precursors at the beginning and Column 2 has lower 

fraction of missing precursors at the end. The bottom panel shows the distribution of detected 

precursors for Column 1 and Column 2 with respect to retention time. The Column 2 distribution 

is shifted to later retention times. See figure caption for detailed description. 
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Figure 3.12. Performance of SynchroSep-MS Method Assessed with Dilution Series. A multi-

panel figure is shown. Panels A and B show the number of protein groups detected across the direct 

and inverted dilution series. For each loading mass point, the Column 1 data is shown as the left 

bar, and the Column 2 data is shown as the right bar. For both columns, the number of protein 

groups increases as the loading mass increases for that column. Panel C shows violin plots for R 

squared distribution for the Column 1 Direct, Column 2 Direct, Column 1 Inverted, and Column 

2 Inverted datasets with median values >0.96 across the datasets. Panels D and E show the scatter 

plots for the quantities measured across columns or dilution series, respectively. Density of points 

is represented with a color gradient with the highest density along the linear fit line. Both plots 

have R squared values >0.97 and slopes close to 1, indicating strong agreement. See figure caption 

for detailed description. 

 

Figure 3.13. Performance of SynchroSep-MS Method Assessed with Dilution Series – 

Precursor Level. A multi-panel figure is shown. Panels A and B show the number of precursors 

detected across the direct and inverted dilution series. For each loading mass point, the Column 1 

data is shown as the left bar, and the Column 2 data is shown as the right bar. For both columns, 

the number of precursors increases as the loading mass increases for that column. Panel C shows 

violin plots for R squared distribution for the Column 1 Direct, Column 2 Direct, Column 1 

Inverted, and Column 2 Inverted datasets with median values >0.96 across the datasets. Panels D 

and E show the scatter plots for the quantities measured across columns or dilution series, 

respectively. Density of points is represented with a color gradient with the highest density along 

the linear fit line. Both plots have R squared values >0.91 and slopes close to 1, indicating 

reasonable agreement. See figure caption for detailed description. 

 

Figure 3.14. Column Intensity Comparisons for the Inverted Dilution Series. A two panel plot 

is shown. Scatter plots for the protein group and precursor quantities measured across columns for 

the inverted dilution series are shown, respectively. Density of points is represented with a color 

gradient with the highest density along the linear fit line. Both plots have R squared values >0.91 

and slopes close to 1, indicating reasonable agreement. Note that agreement is higher at the PG-

level than the precursor-level as would be expected. See figure caption for detailed description. 

 

Figure 4.1. Emitter Position Images Recorded with Source Camera. A two panel figure with 

top and side view images of the emitter aligned to the mass spec inlet. A measurement indicates a 

distance of 0.856 mm between the emitter and the inlet in Panel A. Panel B shows a side view of 

the emitter. An angle is observed between the emitter axis and the inlet axis. See figure caption for 

more details. 
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Figure 4.2. Signal Stability of Infused Peptides. A multi-panel figure showing the intensity 

profiles for two peptides over time and a rolling %RSD over time for a zoomed in time range. 

Signal is stable for periods of >60 minutes with %RSD values <10%. See figure caption for 

detailed description. 

 

Figure 4.3. QC Measurements for Emitter Positioning Experiments. A multi-panel figure 

shows line plots illustrating the signal intensity of two peptides across QC measurements. The 

panels represent measurements for the 1D experiments, 2D at z = -0.9, 2D at z = -2.9, and 2D at z 

= -4.9 mm experiments. %RSD values for the first peptide are 2.0, 5.7, 1.8, and 1.6, respectively. 

%RSD values for the second peptide are 3.0, 2.9, 3.4, and 3.2, respectively. Within each panel, the 

QC measurements are quite consistent. The +2 peptide intensity values are always the higher ones 

in the plots. See figure caption for detailed description. 

 

Figure 4.4. Geometric Diagram of Nano-Electrospray Emitter Configuration. A geometric 

diagram showing the geometry of the emitter with respect to the inlet. The axis of the emitter is at 

an angle of theta with respect to the axis of the inlet, leading to a displacement in the y dimension 

that depends on the distance between the emitter and the inlet in the z dimension. 

 

Figure 4.5. Dependence of y Intensity Distribution on z Position. A two panel figure shows the 

same plot for the two peptides analyzed in this study. Each panel is a line plot showing the relative 

intensity distribution in the y dimension at three different z positions. It is observed that the 

intensity distributions broaden with increasing z distance. The centers of the distributions are 

relatively consistent at increasing z distances. See figure caption for detailed description. 

 

Figure 4.6. MS1 Spectra of Infused BSA Tryptic Digest. An MS1 spectra of infused BSA tryptic 

digest showing many peaks across different m/z values. See figure caption for detailed description. 

 

Figure 4.7. 1D Positioning Experiments. A multi-panel figure is shown. The first two panels 

illustrate the geometry of the inlet and source with a 17.4% angle between the axis of the emitter 

and the inlet axis. Panels C-E show the intensity distributions for two peptides in the x,y, and z 

dimensions. See figure caption for detailed description. 

 

Figure 4.8. Inlet Capillary Drawing. A mechanical drawing of the high-capacity transfer tube 

showing a stadium shape for the inlet with dimensions of 1.6 and 0.6 millimeters. See figure 

caption for detailed description. 
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Figure 4.9. Estimating Distribution Centroids. A multi-panel figure shows the intensity 

distributions for two peptides in the x- and y-dimensions. The centroids of the distributions are 

shown. For the x-dimension, both centroids are at -0.1 millimeters. For the y-dimension, both 

centroids are at 0.3 millimeters. See figure caption for detailed description. 

 

Figure 4.10. Dependence of Precursor Intensity Ratio on z Position. A line plot showing the 

ratio of two peptide’s signal intensity as a function of z position. The line plot is relatively stable  

with z-position at a value of around 1.2. See figure caption for detailed description. 

 

Figure 4.11. Dependence of Signal Intensity on Emitter Position for Low Level Precursor 

Ions. A multi-panel figure shows the line plots for intensity profiles for the x-, y-, and z- 

dimensions. The profiles for two peptides are shown in blue and red overlaid on many black traces 

representing lower intensity profiles. The y-axis of each plot is depicts normalized intensity. See 

figure caption for detailed description. 

 

Figure 4.12. 2D Positioning Experiments. A multi-panel figure shows heatmaps of signal 

intensity at different x and y positions. Each panel shows the results at a different z-position. The 

distributions are centered close to x = 0 and y = 0 and the width of the distributions broaden and 

flatten at further z distances. See figure caption for detailed description. 

 

Figure 4.13. 2D Positioning Experiments for RHPEYAVSVLLR. A multi-panel figure shows 

heatmaps of signal intensity at different x and y positions. Each panel shows the results at a 

different z-position. The distributions are centered close to x = 0 and y = 0 and the width of the 

distributions broaden and flatten at further z distances. See figure caption for detailed description. 

 

Figure 4.14. Width at 90% Maximum as Function of z Position. A two panel figure showing 

the Width of the Intensity Distributions at 90% maximum with increasing distance in the z distance 

for two peptides and for the x and y dimension. In general, the width increases as the distance 

between the inlet and emitter increases in the z dimension. See figure caption for detailed 

description. 

 

Figure 4.15. Dependence of Emitter Position Results on m/z. A multi-panel figure shows scatter 

plots of x Dimension FWHM, y Dimension FWHM and Fold change between z = -6.9 and z = -

0.9 versus m/z. There is not a strong dependence on m/z. The Pearson correlations are annotated 

as -0.1138, -0.0183, and 0.1953 for each panel, respectively. See figure caption for detailed 

description. 
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Figure 4.16. Dependence of Emitter Position Results on Peak Intensity. A multi-panel figure 

shows scatter plots of x Dimension FWHM, y Dimension FWHM and Fold change between z = -

6.9 and z = -0.9 versus the Log10 Peak Intensity. In general, there is a greater spread of values at 

lower intensity values, and the values are relatively consistent at higher intensities. See figure 

caption for detailed description. 
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