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Mass spectrometry-based proteomics has emerged as a powerful tool to gain insight into 

biological systems. As biological studies get more complex, there is a pressing need to increase 

throughput without sacrificing quality or completeness of the measurements. One limitation of 

many traditional mass spectrometry methods has been stochastic sampling causing poor 

reproducibility between runs. Systematic data acquisition methods promise to eliminate these 

missing values while improving sensitivity but are inherently inefficient and may be limited by 

instrumentation. Therefore, the field of proteomics could benefit from innovations in systematic 

data acquisition strategies. Here, we present the fundamentals of quantitative mass spectrometry 

and systematic data acquisition and analysis methods. We describe a head-to-head comparison of 

the linear ion trap and Orbitrap for parallel reaction monitoring, followed by a similar 

comparison between the Astral analyzer and the Orbitrap analyzer for data independent 

acquisition (DIA). We then present a novel method for improving the efficiency and therefore 

sensitivity of DIA by shifting acquisition windows across time. Finally, we propose a new search 

algorithm to build spectral libraries for DIA analysis without prior knowledge of the samples.  
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1  Quantitative proteomics 

1.1 Introduction 

The central dogma of biology lays out a blueprint for life, and states that information 

passes from the genome to the transcriptome to the proteome.1 Of these three levels of 

information, proteins are the most structurally diverse and functionally relevant and 

understanding their interactions is critical to understanding biology.2  Next generation 

sequencing technologies have allowed for large scale genome and transcriptome-wide studies.3 

However, the dynamic range and complexity of the proteome makes proteome-wide 

measurements significantly more difficult (Figure 1-1).4,5 The cellular proteome spans 7-orders 

of magnitude6 and the plasma proteome spans 10-orders of magnitude.7 Therefore, analytical 

method development for proteome-wide measurements is uniquely challenging. Mass 

spectrometry (MS) is the dominant method for proteome-wide measurements due to its 

versatility and wide dynamic range.8 

 

Figure 1-1: Copies per cell of mRNA and protein molecules in yeast  

Adapted from Marguerat et al. (2013).4  
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Currently, bottom-up proteomics is the dominant methodology used for large scale 

quantitative proteomics studies.9 In bottom-up proteomics, proteins are extracted and 

enzymatically digested into smaller peptides. Because small peptides are much easier to work 

with than large proteins, all measurements are done on the peptide level and then protein 

abundances are inferred. These peptides are separated via liquid chromatography (LC) and 

analyzed by tandem mass spectrometry (MS/MS).9,10 The front end separation of liquid 

chromatography (LC) helps to reduce the complexity of the sample that the mass spectrometer 

must analyze at any given time, but also imposes a time limit to measure each peptide. 

Therefore, the MS methods used need to balance sensitivity with efficiency to maximize the 

quality and quantity of measurements. Mass spectrometers use mass analyzers to separate 

charged molecules by mass-to-charge ratio. In bottom up proteomics, a peptide is ionized and 

fragmented in the MS by collision with a gas, and fragments along the peptide backbone can be 

used to determine the identity and quantity of the peptide. Generally, a peptide identification 

algorithm is used to identify peptides from these tandem mass spectra based on backbone 

fragmentation.11 The mass analyzer, acquisition mode, and analysis method all have major 

impacts on data quality and selecting the proper tools is necessary to obtain meaningful results.  

1.2 Instrumentation 

Mass spectrometers are highly complex instruments that fundamentally consist of the 

following elements: a sample inlet and ionization source where the sample is ionized in the gas 

phase, a mass analyzer where ions are separated by mass-to-charge ratio (m/z), and a detector 

which counts the ions.12 In tandem mass spectrometry, the sample is ionized, ions enter the mass 

spectrometer and move through ion optics under a vacuum. Ions of a specific m/z or range of 

m/z’s can be selected and transferred to a collision cell where they come in contact with a 
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collision gas that causes fragmentation. The fragment ions are transferred to the mass analyzer 

where they are separated by m/z and the detector reports signal intensity for each m/z as a 

spectrum. The specific components of the instrument vary depending on instrument type and 

manufacturer and can have drastic impacts on the type of data acquired. Here, we focus primarily 

on the mass analyzer and detector as they have a significant role in sensitivity and selectivity of 

measurements. 

There are many different types of mass analyzers that are driven by different physical 

principles to accomplish the same goal of separating ions by m/z. The main performance 

characteristics of mass analyzers are: mass range, spectrum acquisition speed, ion transmission, 

mass accuracy, and resolution.12 Spectrum acquisition speed can range from microseconds to 

seconds, and is often a limiting factor in quantitative proteomics where the front end separation 

imposes a time limit on peptide measurements.  

Resolution or resolving power refers to the ability to separate two ions with a small m/z 

difference. Resolution is also closely tied with mass accuracy and can vary between analyzers 

(Figure 1-2). Resolving power is usually annotated as m/∆m, where m is the mass-to-charge 

measured, and ∆m is the peak full width at half maximum. Resolution plays an important role in 

measurement selectivity, as lower resolution data means a given observed fragment could be 

attributed to more possible sources. As resolution and mass accuracy increases, the 

measurements become generally more selective. The minimum required resolution can range 

from unit resolution for many clinical assays13,14 to 50,000 resolving power to distinguish 

between nitrogen isotopes15 to over 2,000,000 for some top down proteomics applications.16 In 

quantitative bottom-up proteomics, typically high (15-60k) resolution is used, but this is a 

parameter that should be careful considered in experimental design.  
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Figure 1-2: Profile spectra acquired with mass analyzers with different resolutions 

A spectrum was acquired in linear ion trap at unit resolution (A) and Orbitrap at 30,000 

resolving power (B) and the same fragment ion is plotted.  

Sensitivity can be impacted by many different variables, including the efficiency of ion 

transmission to the analyzer and then to the detector, detector gain, and proportion of the ion 

beam that is actually sampled (duty cycle). The requisite sensitivity for a given experiment 

depends on the analytes of interest and, generally speaking, quantifying less abundant proteins is 

more challenging.  

Selecting instrumentation that will provide sufficient sensitivity is critical for any 

experiment and is another factor to be balanced. Ultimately, many factors, including non-

performance related considerations such as cost, availability, and familiarity with the instrument 

platform, must be considered when choosing the right mass spectrometer for an experiment. 

Nonetheless, understanding the analytical performance of an instrument and how it is impacted 

by speed, sensitivity, and resolution is beneficial to the community as a whole and is largely 

lacking in many cases.  

1.3 Data acquisition modes 

Beyond selecting appropriate instrumentation, it is important to consider how the 

instrument will acquire data to meet the needs of an experiment. Traditionally, there have been 
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three main modes of data acquisition: data dependent acquisition (DDA),17 data independent 

acquisition (DIA),18 and targeted data acquisition.19,20 Despite major advances in instrumentation 

over the past two decades, many studies still use rudimentary data acquisition strategies, 

suggesting that there is room for improvement in data acquisition techniques. Acquisition 

methods must balance sensitivity and reproducibility with the number of peptides measured. 

Generally, sensitivity and total coverage are in opposition, and therefore maximizing instrument 

efficiency is critical to allow for high quality measurements of as many peptides as possible.  

Because early mass spectrometers were slow (less than 1 Hz acquisition speed), the 

earliest data acquisition methods relied on manual selection of precursor peaks for 

fragmentation. DDA was developed as a way to automate the precursor selection process while 

still selecting precursor ions that were most likely to yield useful spectra. In DDA, a survey 

spectrum is acquired, and a heuristic is applied to select peaks for MS/MS fragmentation (Figure 

1-3 A). In the simplest form of DDA, the top N most intense candidate peaks are selected for 

fragmentation, although in practice there are some exclusion criteria applied to minimize 

redundancy and maximize the chances of fragmenting a peptide. In DDA, there is only one 

MS/MS spectrum per peptide so quantification is generally achieved by calculating area under 

the curve of the precursor signal (label free quantification or LFQ)21,22 or by using isobaric 

tandem mass tags (TMT)23 where quantification is based off reporter ion intensity in a single 

MS2 or MS324 spectrum. The primary limitation of DDA is the stochastic nature of sampling, 

which can lead to a large portion of missing values in large experimental cohorts.25 Label-free 

approaches can use chromatographic alignment and match between runs to integrate MS1 signals 

in the absence of an identification,22,26 but TMT approaches have no recourse if a peptide is not 
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sampled. Recent work has focused on improving reproducibility of MS3 TMT quantification to 

allow for complete data across larger cohort sizes.27,28 

 

Figure 1-3: Comparison of acquisition strategies 

MS/MS spectra acquired in DDA (A), targeted acquisition (B), and DIA (C). 

Targeted data acquisition offers an alternative to DDA which solves the missing values 

problem. In targeted acquisition, the instrument is given a list of precursors to target and it 

systematically acquires MS2 data for these pre-determined precursors over time (Figure 1-3 B). 

Quantification is achieved by integrating the area under the curve of the fragment ions, which is 

highly selective and reproducible between runs (Figure 1-4). Targeted methods include selected 

reaction monitoring (SRM)19 and parallel reaction monitoring (PRM)20 which apply the same 

principles on different types of instrument platforms. The primary issue with targeted methods is 

the lack of efficiency, as many spectra may be acquired for a precursor when it is not detectable. 

This efficiency has traditionally limited the scope of assays, although real time strategies have 

been implemented to improve efficiency, increasing assay capacity from a few to thousands of 

targets in a single run.29–32  
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Figure 1-4: MS/MS quantification scheme 

Spectra consisting of ion intensity values for different m/z’s are acquired across time (A). 

Intensity of fragment ions in successive spectra are used to generate a peak (B). Area 

under the curve is used to determine abundance (C). 

Data independent acquisition is a powerful acquisition technique that systematically 

fragments all ions in a specified mass range that has grown in popularity in recent years largely 

due to improvements in instrument capabilities. In DIA, the instrument systematically acquires 

MS/MS spectra across a set mass range (Figure 1-3 C). DIA fragments peptides in an unbiased 

manner and allows for MS2 level quantification (Figure 1-4),) that is similar to targeted 

approaches but without any specific peptide targets. Theoretically, DIA gives unbiased coverage 

across the full proteome and will contain no missing values. However, the downside is many 

MS/MS spectra may contain no useable information, and valuable instrument time may be 

wasted on empty spectra. As instruments have become faster and more sensitive, this problem 

may be less important but there is still room for improvement.  

While the limitations of traditional DDA are clear, it is evident that some form of data 

dependency can help increase efficiency and quality of measurements. Instrument computers are 

now capable of executing complex algorithms on a millisecond time scale and are no longer 

limited to using simple acquisition heuristics. An ideal acquisition method should combine the 
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reproducibility and sensitivity of systematic sampling methods such as DIA and PRM with the 

efficiency of DDA.   

1.4 Data analysis strategies for DIA 

Whereas DDA experiments aim to generate simple spectra for a limited number of 

peptides, DIA experiments aim to collect data in a systematic fashion that balances spanning a 

significant portion of the m/z range and sampling at a frequency that facilitates sampling a 

chromatographic peak.  To do this, there is often a sacrifice to the precursor isolation efficiency 

and, thus multiple peptides are often sampled in parallel. Traditionally, search methods were 

designed for DDA and used a spectrum-centric approach, where each spectrum is queried to 

identify the best-matching peptide. Spectrum-centric searches assume that each spectrum is 

generated by a peptide and thus seek to identify the peptide generating each spectrum.   

In contrast to DDA data, DIA data is collected in an unbiased manner, and the 

assumption that each spectrum was generated by a peptide does not hold. A more logical way to 

search DIA data is using a peptide-centric approach to find and score the best evidence for all 

candidate peptides independent of the spectrum. One key feature of peptide-centric searches is 

allowance for the same spectrum to provide evidence for multiple peptides, which is often the 

case when there are a large number of chimeric spectra.33 However, this strategy becomes less 

reliable in cases where different candidate peptides in the same precursor isolation window share 

a significant number of theoretical ions. In these cases, the same set of observed ions could be 

used as strong evidence for multiple peptides, leading to an artificially high number of peptide 

detections.  
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This problem is exacerbated in DIA data using windows wide enough that post-

translationally modified peptides could be considered in the same precursor isolation window as 

their unmodified counterparts. However, even when very narrow (2 m/z) isolation windows are 

used, there may be isobaric forms or amino acid substitutions that barely alter the mass. 

Traditional target/decoy methods fail to control false-discovery rates in these cases as a higher 

scoring precursor is much more likely to be a target than a random decoy due to sequence 

conservation and similarities between modified and unmodified peptides.34 Therefore, additional 

steps need to be taken in the analysis of DIA data to avoid double counting related ions.  

There are several approaches that seek to address the risk of double counting in DIA data. 

However, many widely used approaches completely ignore the problem and can lead to inflated 

numbers of peptide detections. Methods to reduce the window size, both experimentally and 

computationally, can greatly reduce the risk of double counting as more modifications would fall 

into other isolation windows.35–37 Other methods may attempt to deconvolve spectra prior to 

processing (Peckner, DIA-Umpire),37,38 or to identify cases where multiple candidates share ions 

and keep only the higher scoring of the two.39 Currently, the field does not have a rigorous 

standard to address the problem of double counting, and without any consensus within the field, 

the results of any DIA experiment should be received with caution. 



 

 10 

2  Comparison of unit resolution versus high-

resolution accurate mass for parallel reaction 

monitoring 

2.1 Summary 

This chapter is based off of the following publication: Lilian R. Heil, Philip M. Remes, Michael 

J. MacCoss. Comparison of unit resolution versus high-resolution accurate mass for parallel 

reaction monitoring. J Prot Res. 2021, 20 (9), 4435–4442. 

Parallel reaction monitoring (PRM) is an increasingly popular alternative to selected 

reaction monitoring (SRM) for targeted proteomics. PRM’s strengths over SRM are that it 

monitors all product ions in a single spectrum, thus eliminating the need to select interference-

free product ions prior to data acquisition, and that it is most frequently performed on high-

resolution instruments, such as quadrupole-orbitrap and quadrupole-time of flight instruments. 

Here, we show that the primary advantage of PRM is the ability to monitor all transitions in 

parallel, and that high-resolution data are not necessary to obtain high quality quantitative data. 

We run the same scheduled PRM assay, measuring 432 peptides from 126 plasma proteins, 

multiple times on an Orbitrap Eclipse Tribrid mass spectrometer, alternating separate liquid 

chromatography-tandem mass spectrometry runs between the high resolution Orbitrap and the 

unit resolution linear ion trap for PRM. We find that both mass analyzers have similar technical 

precision, and that the linear ion trap’s superior sensitivity gives it better lower limits of 

quantitation on over 62% of peptides in the assay.  
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2.2 Introduction 

Targeted proteomics is a strategy to obtain accurate and precise quantitation by 

maximizing the time a mass spectrometer (MS) spends measuring a pre-defined subset of 

analytes in a sample. Historically, targeted assays have been performed using selected reaction 

monitoring (SRM) on a triple quadrupole mass spectrometer.40 In an SRM assay, a specific list 

of precursor and product ion pairs, called transitions, are monitored by setting the quadrupoles to 

transmit specific gas-phase reactions at specific times during the liquid chromatography (LC) 

gradient.41,42 SRM is widely used today due to its reliability and versatility, but it still has 

limitations. Notably, the need to select interference-free transitions can limit the selectivity and 

breadth of an experiment; because each precursor/ product ion pair needs to be targeted 

individually, each additional product ion measured comes at a cost to overall cycle time. 

Consequently, there is a tradeoff between increasing selectivity and measuring more precursor 

ions because targeting more precursors means sacrificing selectivity by monitoring fewer 

transitions per precursor. Additionally, any change to the set of product ions requires rerunning 

the entire experiment. 

Parallel reaction monitoring (PRM) is an alternative to SRM where the entire product ion 

spectrum is collected for a target precursor instead of selected precursor-product ion reactions. 

Early versions of PRM showed the potential to benefit from the full scanning capability of a unit-

resolution ion trap.43 However, PRM was popularized on high resolution quadrupole-Orbitrap (q-

OT)20,44 and quadrupole-time of flight45 mass spectrometers. Since these demonstrations, the 

performance of PRM was largely attributed to two factors: the ability to monitor more product 

ions per precursor and the higher confidence in product ions associated with the high resolution 

product ion spectra.20,46,47 However, we hypothesize that the primary benefit of PRM is the 
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ability to measure many product ions in a single scan, and that high resolution spectra are not 

critical to its success. 

To assess the importance of high resolution mass analyzers in PRM, we sought to 

compare the performance of a unit resolution quadrupole linear ion trap (q-LIT) to a high-

resolution q-OT for PRM experiments. We use an Orbitrap Eclipse Tribrid instrument to run a 

controlled experiment and establish that a q-LIT can be used on its own for targeted quantitative 

proteomics assays without sacrificing significant precision or quantitative accuracy compared to 

the q-OT. This instrument has both an Orbitrap and a linear ion trap that can be operated 

independently, which allows us to inject the same sample multiple times, alternating between the 

Orbitrap and linear ion trap with each injection, thereby eliminating the variability inherent to 

comparisons where multiple instruments are used (Figure 2-1). 

 

Figure 2-1: Schematic of the Orbitrap Fusion Eclipse Tribrid instrument 

Ion paths are highlighted in yellow and blue. To compare Orbitrap to ion trap directly, 

alternate injections were performed using each mass analyzer. Injections either followed 

path A, where the instrument operated as a quadrupole-Orbitrap or path B, where the 

instrument operated as a quadrupole-linear ion trap. 

2.3 Methods 

Complete methods are discussed in Appendix A 
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2.4 Results and Discussion 

Creation of the PRM assay 

         To compare mass analyzers, we chose plasma as a sample matrix because it is clinically 

relevant and its large dynamic range7,48 is well suited for testing the limits of targeted peptide 

quantitation. To develop a robust PRM assay, we started with a DIA-based chromatogram library 

consisting of 3084 peptides mapping to 358 proteins. This library was developed using gas-phase 

fractionated DIA data that was searched against the Pan-Human library49 in EncyclopeDIA.50 

The resulting chromatogram library contained information on the identity, fragmentation spectra, 

and retention times of all detectable peptides. This original library was created using a different 

instrument, liquid chromatography, and sample than those used in this PRM experiment. 

Therefore, the library needed to be refined to create a scheduled targeted method that could be 

acquired with a sufficient number of points across each chromatographic peak. 

  

Figure 2-2: Plot of dynamic range of all proteins in the assay 

Each point represents the summed area under the curve abundance of all peptides 

mapping to that protein. The total signal ranges from 1.0×1011 for serum albumin down 

to 2.6×106 for vitamin K-dependent protein C. 
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To generate a targeted assay from the existing chromatogram library, a DIA run was 

collected using staggered 8-m/z windows with the Orbitrap mass analyzer. The resulting data 

were used to determine accurate retention times for all peptides. Based on these data, the original 

peptide library was filtered for peptides that were 1) confidently seen in this sample, 2) 

biologically relevant (based on a previous desire to focus on proteins useful for assessing general 

wellness), and 3) came from proteins spanning a wide dynamic range (Figure 2-2). To fulfill 

these criteria, the five peptides per protein with the most intense peak areas from the product ion 

data were selected, and the list was further refined to ensure all peptides had high dotp with the 

library chromatograms. Additionally, peptides were preferentially selected if they came from 

proteins that have been used in other MS-based targeted plasma assays.51 The final assay 

consisted of 432 peptides derived from 128 protein coding genes such that upon scheduling no 

more than 75 peptides would be measured at any given time using a five-minute retention time 

window (Figure 2-3). 

 

Figure 2-3: Number of precursors monitored at any given time 

Scheduling was based on measured retention time with a 5-minute window. Retention 

times were updated throughout the experiment to account for small changes in 

chromatography. 

The primary consideration in PRM assay development is limiting the number of targets 

monitored at one time to maintain a short enough cycle time to sample at least eight points across 
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each peak without sacrificing sensitivity. In the Orbitrap, the length of time required for spectral 

acquisition does not depend on the range of mass-to-charge, because of the multiplexing property 

of Fourier transform-based analysis. As a scanning instrument, the linear ion trap pays a time 

penalty proportional to the range of mass-to-charge acquired, however the total scan time for the 

range 150–1250 m/z is only 8.8 ms with the 125 kTh/s scan speed. On both the Orbitrap and 

linear ion trap, the analysis takes place while the collision cell is being filled with ions for the 

next spectrum, so the cost of mass analysis to the overall duty cycle is quite low. The time 

allotted for ions to accumulate prior to spectral acquisition is typically the limiting factor in cycle 

time and is crucial for maintaining sensitivity. While increasing the maximum ion injection time 

could improve sensitivity, it comes at a cost to cycle time. Therefore, we used dynamic 

maximum injection time to balance speed and sensitivity across the run. Critically, both 

analyzers maintain a fundamental advantage over triple-quadrupoles because all transitions are 

collected within a single MS/MS spectrum and therefore can be refined after data acquisition. In 

contrast, each additional transition measured costs an additional dwell/acquisition time in SRM. 

This benefit of PRM eliminates the need to perform time consuming experiments to select 

interference-free transitions prior to acquisition, as is the case when transferring accurate mass 

data to triple-quadrupole assays.  

Although high-resolution mass analyzers have traditionally been favored for PRM, linear 

ion traps may be ideally suited for PRM experiments due to their speed, sensitivity, and ability to 

scan whole mass ranges without significantly raising the cycle time.52 Still, the speed and 

sensitivity of linear ion traps come at a cost to the resolution, which could present challenges for 

PRM experiments. First, it may be difficult to select the correct peak for a peptide over the 

course of a run, there can be multiple peptides with similar precursor masses and shared product 
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ions which generate multiple possible peaks (Figure 2-4). By utilizing a chromatogram library 

with retention times and fragmentation patterns calibrated on a high resolution instrument, it is 

possible to build an assay without using synthetic standards to ensure accuracy. A second 

potential problem with unit resolution is the increased potential for chemical interference, 

leading to inaccurate quantitation. However, we argue that this problem can be addressed simply 

by selecting interference-free fragment ions. Furthermore, it is possible that the increased speed 

and sensitivity of a q-LIT could make it better suited for PRM assays than its high resolution 

counterparts. 

 

Figure 2-4: Extracted ion chromatograms for all product ions in a 5-minute window 

for one precursor collected with linear ion trap 

Actual peak at 69.0 minutes could be determined based on retention time and accurate 

product ion fragmentation patterns. Without retention time information, this 

determination could be difficult. 

Evaluation of technical precision 

To assess the impact of precursor and product ion selectivity on technical precision, the 

same sample of human plasma digest was injected and measured using both the linear ion trap 

and Orbitrap each with two different precursor isolation widths. By collecting multiple replicates 
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with the same sample on the same instrument, it was possible to compare the technical variance 

of the mass analyzers directly. Based on five replicate injections, the percent coefficient of 

variation (% CV) was determined for each peptide in each method (Figure 2-5 A). The Orbitrap 

had lower technical variation than the linear ion trap for most peptides (Figure 2-5 B), but the 

differences in variation would likely make a minor difference in practice where anything below a 

10% CV is generally considered high quality. At the 1.7 Th precursor isolation width, the median 

CV in the linear ion trap of 5.8% was slightly higher than the Orbitrap’s 4.1%. Notably, both 

median CV values are more than adequate for quantitative experiments and at the same 1.7 Th 

precursor isolation width, the linear ion trap had a higher proportion of peptides, 98.3%, than the 

Orbitrap, 97.6%, below an arbitrarily selected 20% CV cutoff. The 20% CV cutoff is frequently 

used as a threshold for quantifiable peptides, and is an important factor in comparing these 

performances. While the Orbitrap maintains slightly better median precision than the linear ion 

trap, the practical differences in precision between using these two analyzers are small. 
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Figure 2-5: Comparison of coefficients of variation between PRM data acquired 

with the orbitrap (OT) and the linear ion trap (LIT) 

CV’s for each peptide in the assay when monitored with both mass analyzers at two 

precursor isolation widths (0.7 and 1.7 Th) (A). The log ratio of every peptide CV in 

linear ion trap and Orbitrap, where a positive log ratio indicates a better CV in the 

Orbitrap than linear ion trap (B). 

One factor that can lead to high technical variation is the presence of interfering species. 

Interference can occur when an interfering precursor ion is co-isolated with the target precursor 

ion and generates product ions that fall within the integration boundaries of the target product 

ions, creating a shoulder in one or more product ion chromatograms (Figure 2-6A and B). 
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Between runs, slight changes in chromatography can shift the relative position of the target 

peptide and interfering species, causing significant changes in quantitation (Figure 2-6C). 

Chemical interference of this nature can be influenced by both the precursor and the product ion 

selectivity. 

 

Figure 2-6: Example chromatograms of a peptide with interference 

Chromatograms show significant interference impacting the b2 ion (A&B). The variance 

of the integrated peak area for this peptide is mostly influenced by the b2 ion getting 

integrated slightly differently in both runs (C). 

Precursor ion selectivity is partially determined by precursor isolation width. If a 

narrower isolation window is used, potentially interfering species may not be co-isolated at all, 

eliminating that interference. However, reducing the isolation window comes at a cost to 

sensitivity as the narrow quadrupole transmits fewer ions. Therefore, quadrupole isolation width 

should be adjusted to strike a balance between sensitivity and selectivity. For both the Orbitrap 

and the linear ion trap, the 0.7 Th precursor isolation window tended to have higher technical 
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variance because the traps tended to fill with fewer ions (Figure 2-7). When there are fewer ions 

to measure the relative variance tends to increase53 which explains the increased precisions with 

a wider precursor isolation window. Both analyzers performed better with the 1.7 Th isolation 

width, so those methods were used for the remaining experiments and analyses. 

 

Figure 2-7: Ion fills and inject times for each analyzer 

Plots display the average number of ions per scan (A) or maximum number of ions in a 

scan (B) for all peptides in each mass analyzer. The number of ions per scan was 

calculated by multiplying the total ion current by the inject time for that scan and 

dividing by 1000. For the Orbitrap, this value was then multiplied by 0.0917, an 

instrument and transient length specific conversion factor obtained by measuring the 

ratio of ion trap peak intensity to Orbitrap peak intensity for a series of calibration ions. 

When a narrow quadrupole isolation width is used, the mean and max number of ions 
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gets pretty low, which would explain the higher variance at these isolation widths. 

Another metric to look at fill is the average inject time per spectrum in each of the 

analyzers (C). Orbitrap has a narrower distribution of inject times, likely because the 

maximum inject time was hit more frequently with an AGC target of 1,000,000 ions 

compared to 50,000 in the Astral analyzer. 

Similarly, product ion selectivity is related to the MS/MS resolution. In a lower 

resolution spectrum, there is a greater chance that another analyte will have an indistinguishable 

m/z at a specific retention time and is therefore more likely to have interference. This difference 

is reflected in the necessary integration boundaries for each analyzer: in the unit resolution linear 

ion trap, we must integrate the area +/- 0.7 m/z around the theoretical peak, whereas the Orbitrap 

only requires integration boundaries of 20 ppm. Thus, the unit resolution linear ion trap has the 

potential to have more interference than the Orbitrap, but with the careful selection of transitions, 

this problem may be minimized (Figure 2-8). 
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Figure 2-8: Predicted number of interference-free transitions for all peptides in the 

plasma chromatogram library 

The y-axis represents the number of peptides with x transitions or more. Interference-free 

transitions are defined as precursor/ y-ion pairs that do not overlap within the 

appropriate m/z tolerance with b- or y- ions generated by precursors within the specified 

isolation window. At 1.7 Th, the linear ion trap is more susceptible to interference in 

general, but there is little loss if four or fewer transitions are selected. 

The fear of increased variance due to increased interference has been a major reason why 

the proteomics community has largely trended towards using high resolution mass analyzers for 

PRM. Indeed, the transition set used in this experiment is likely to have more interference for the 

linear ion trap than the Orbitrap (Figure 2-9), although this prediction does not account for 

separation of potential interfering species across time. In fact, our results suggest that chemical 

interference of this nature was minimal, even in the linear ion trap. Thus, the Orbitrap’s superior 

performance can be attributed to several factors, including the fact that it had a higher AGC 

target and tended to measure more ions per spectrum than the linear ion trap (Figure 2-7), a 

factor that has been demonstrated to improve precision.31,54,55 Still, the Orbitrap tended to hit its 



 

 23 

maximum inject time in most cases (Figure 2-7C) and was below its target fill capacity, which is 

likely why the difference in precision between the analyzers is not more pronounced. Because 

the Orbitrap was consistently below standard target fill capacity, increasing the AGC target 

would not have an impact on the number of ions in the trap. Increasing maximum injection time 

could allow the Orbitrap to fill with more ions, but would slow the cycle time, reducing the 

number of points across the peak and harming accuracy. Thus, we used the dynamic maximum 

inject time setting which optimizes the maximum injection time for speed and sensitivity across 

the run. 

 

 

Figure 2-9: Number of theoretically interference-free transitions for each 

experiment 

The original transition set has more interference for linear ion trap with the parameters 

used in matrix-matched experiment (LIT, 1.7 Th compared to OT, 1.7 Th). However, even 
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in this set, most peptides have at least four interference-free transitions before 

refinement.  

Assessment of sensitivity with matrix-matched calibration curves 

To assess the sensitivity of each analyzer, we determined the lower limit of quantitation 

for each peptide using a matrix-matched calibration curve.56 To determine the LLOQ for all 

peptides in the assay, an 11-point dilution curve was prepared by diluting human plasma in 

chicken serum (Appendix Table 1). This matrix-matched method allows for the dilution of 

analytes without significantly changing the matrix composition.56,57 To reduce run-order bias, the 

complete dilution curve was run with each method from low to high concentration, randomizing 

the order of analyzers within each point of each replicate, and the process was repeated for a total 

of three replicates. Data were collected by scheduled PRM using either the Orbitrap or LIT with 

a 1.7 Th precursor isolation window to acquire the product ion spectra. The PRM data were 

imported into Skyline where the area under the curve was assessed for each peptide. A report 

was generated with the peak areas and analyzed using a script modified in house based on the 

method developed by Pino et al.56 This method uses a bilinear fit to assess the turning point in 

the calibration curve and then uses a bootstrapping method to find the lowest concentration 

where the CV was below 20%. This powerful method has many benefits over alternative 

methods, including that it is able to estimate LOQs between dilution points, instead of simply 

finding the lowest measured quantitative point.56 The ratio of the LOQ for any given peptide in 

each mass analyzer could be used to compare these results directly. 

Peptides tended to have lower limits of quantitation in the linear ion trap compared to the 

Orbitrap (Figure 2-10 A). To obtain a more complete understanding of analyzer performance, 

the LOQ for each peptide was compared individually by dividing the LOQ in the linear ion trap 
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by the LOQ in the Orbitrap. A ratio less than one indicates that the linear ion trap has a lower 

(better) LOQ, whereas the reverse is true for a ratio greater than one. The distribution of these 

ratios skews in favor of the linear ion trap, with a median ratio of 0.858 (Figure 2-10 B). This 

ratio indicates that LOQs in the linear ion trap were generally lower than those in the Orbitrap, 

suggesting the linear ion trap more than compensates for the greater potential for interference. 

The sensitivity of the analyzer can be just as critical as precision in evaluating performance— 

more sensitive mass analyzers require less analyte to generate meaningful signal. We use the 

lower limit of quantitation, or the minimum point on a dilution curve where a change in signal 

reflects a change in quantity, to assess sensitivity quantitatively.58 Based on this analysis, we 

determined that the linear ion trap tends to be more sensitive than the Orbitrap for this PRM 

assay.  

 

Figure 2-10: LOQ’s before (A&B) and after (C&D) transition refinement 

A and C show the raw number of peptides with better LOQs in each analyzer. B and D 

show the log ratio of LOQs, with a log ratio greater than 0 meaning the Orbitrap had a 

better LOQ than the linear ion trap. Dashed line indicates the median ratio. Before and 

after LLOQ optimization, 21 and 26 peptides respectively had limits of quantitation 
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outside the dilution curve in both analyzers and had identical log ratios (not shown). 

Optimization protocol is defined below.  

Theoretically, the sensitivity of each analyzer is limited by the number of ions it requires 

to produce a quantitative signal. In a targeted experiment on a trapping instrument, the number of 

ions in each trap is determined by the ion current, which is inherent to the sample and injection 

setup, and the maximum inject time, a parameter set based on the number of concurrent targets 

and the desired cycle time. Highly abundant peptides may fill the trap with the desired number of 

ions in less time, while less abundant peptides may take much longer to fill the trap. In cases 

where the maximum inject time is too short to fill the trap with the minimum number of ions to 

obtain sufficient signal, the variation in the measured peptide abundance may be too large to be 

considered "quantitative". Thus, one crucial difference between the linear ion trap and Orbitrap is 

the number of ions needed to produce a detectable signal. The linear ion trap uses electron 

multiplier based detection, with gain sufficient to detect single ions.52 In contrast, Makarov and 

Denisov demonstrated Orbitrap detection limits of 20+ charged single myoglobin ions with 

signal-to-noise 3.5 using 0.76 s transients.59 With the 0.032 s transient, 15k resolution setting 

used in our experiments, the minimum detectable number of ions should be ~5x higher, because 

signal-to-noise ratio varies as the square root of transient length. Therefore, with these settings 

the Orbitrap needs 1–2 orders of magnitude more ions to create a detectable signal than the linear 

ion trap. This greater theoretical sensitivity explains why the linear ion trap performs better in 

this experiment despite the increased potential for interference. 

Automated transition refinement 

The original transition set was selected to minimize interference in the chromatogram 

library generated from non-diluted plasma on an Orbitrap and further refinement is required to 
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optimize the transition set for this experiment. To this end, transitions were automatically 

selected to produce the lowest limit of quantitation (Figure 2-11). For both analyzers, the refined 

transitions yielded better LOQs for most peptides, and unsurprisingly this change was more 

pronounced in the linear ion trap than in the Orbitrap (Figure 2-12). Consequently, after this 

transition refinement, the linear ion trap had even better LOQs relative to the Orbitrap than 

before (Figure 2-1-C). The median ratio of LOQs in the linear ion trap compared to the Orbitrap 

went from 0.790 to 0.428, indicating that the LOQs in the linear ion trap had a larger net 

improvement, and the linear ion trap outperformed the Orbitrap by an even more significant 

margin (Figure 2-10 D). 
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Figure 2-11: Number of transitions selected before and after refinement in (A) 

linear ion trap and (B) Orbitrap 

Before refinement, there were generally more transitions in both analyzers, indicating 

that this method of manually refining transitions is able to remove interference that crops 

up at low dilution points. The mode of the optimized distribution is also the minimum 

number of possible transitions, which is probably due to the fact that many transitions 

have interference when the signal is low. 
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Figure 2-12: Probability density function (PDF) of limit of quantitation before and 

after transition refinement in (A) linear ion trap and (B) Orbitrap 

The x-axis corresponds to the lower limit of quantitation in log scale with the median of 

each transition set indicated by the appropriately colored dashed line. A lower x-value 

indicates a lower LOQ, meaning better sensitivity. Both analyzers have better LLOQs 

after transition selection, but the linear ion trap improves more as a result of 

optimization. 

  The observation that transition refinement had a larger impact on the linear ion trap than 

the Orbitrap may be a result of the assay construction. Because this assay was based on a 

chromatogram library constructed using interference-free transitions determined using a different 

sample measured on an Orbitrap, the transitions were never optimized for these specific samples 

and instrument configuration. The library was generated with an undiluted human plasma digest 
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and in the case of a similar undiluted sample such as the one used to determine precision; the 

chosen peptides had minimal interference regardless of the mass analyzer. However, as the 

volume of the matched matrix in the dilutions increased, interference increased because the 

transitions were not optimized for these lower dilution points. Additionally, the original 

transitions selected to be interference-free were selected based on Orbitrap data, and it is likely 

that many of these transitions may not be optimal in the linear ion trap. Based on the improved 

mass accuracy and resolution of the Orbitrap, we predicted interference at different 

precursor/product ion specificities and the original peak picking should have been better for the 

high resolution Orbitrap than the unit resolution linear ion trap (Figure 2-9). Furthermore, 

peptides that had a lower LOQ in the linear ion trap qualitatively lacked signal at low dilution 

points using the Orbitrap (Figure 2-13 A). Conversely, peptides with a lower LOQ in the 

Orbitrap subjectively had interference at lower dilution points in the linear ion trap (Figure 2-13 

B). These subjective observations are supported by the fact that the linear ion trap quantitative 

data improves significantly more than the Orbitrap after transition refinement (Figure 2-12). 
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Figure 2-13: Examples of peptides with better LOQ in linear ion trap (A) and 

Orbitrap (B) 

Top panels in each figure show what happens to signal in the analyzer with the worse 

LOQ. In the case of Orbitrap (A), signal goes to 0 at low points. On the other hand, 

interference becomes more apparent at lower dilutions when the linear ion trap performs 

worse (B). The bottom panel shows dilution curves in both analyzers for each peptide. 

 

  The ability to refine transitions based on empirical results is a major benefit of using an 

instrument that acquires full MS2 spectra over a triple quadrupole where transitions must be 

selected prior to analysis. It is possible to reduce interference post-acquisition simply by 

selecting a transition set to minimize interference. In both mass analyzers, almost all peptides are 

predicted to have at least four interference-free transitions (Figure 2-8), although the correct 

transitions may not have been selected in the original assay. When selecting transitions, it is 

preferable to select as many interference-free transitions as possible to increase the number of 

ions measured thereby increasing precision.31,54,55 Thus, the transition refinement method 

presented here selects at least four transitions because at this threshold, there is very little 
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difference between analyzers in theoretical interference (Figure 2-8). This automated transition 

refinement heuristic is a simple method to leverage the full power of PRM to accurately quantify 

peptides. 

2.5 Conclusions 

Here, we show that the power of PRM lies in its ease of use, sensitivity, and flexibility in 

selecting transitions post-acquisition—rather than high mass accuracy. We report that unit 

resolution PRM performs at least as well as high resolution PRM in this targeted plasma assay by 

demonstrating that of the total set of 432 assayed peptides, over 97% could be quantified 

precisely (<20% coefficient of variation) with both analyzers, and the linear ion trap produced 

better lower limits of quantitation compared to the Orbitrap for 62% of all peptides. Here, we 

operate the Orbitrap at a relatively modest resolving power of 15,000 because increasing the 

resolution would increase cycle time without an appreciable reduction of interference. While it is 

possible that increasing the resolving power would improve the signal-to-noise ratio, doing so 

would come at a cost to the number of targets that can be accurately measured in this assay. In 

situations where the goal is to measure a small number of peptides with a high degree of 

precision, increasing the resolving power and maximum injection times in the Orbitrap may still 

be productive. Nevertheless, we have demonstrated that high resolution spectra and mass 

accuracy are not a requisite for selectivity, especially when peptide transitions can be refined 

post-acquisition.  While not addressed here, in the rare event where unit resolution tandem mass 

spectrometry might provide insufficient selectivity, the linear ion trap has the capability to 

perform multistage MSn, whereas the Orbitrap is limited to MS2 without the LIT. Additionally, 

it is possible to increase resolving power of the linear ion trap but this comes at a cost to overall 

speed and still does not get close to Orbitrap-level resolving power. Overall, the superior speed 
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and sensitivity of the linear ion trap on the Orbitrap Eclipse make it better suited for targeted 

proteomics than the use of an orbitrap mass analyzer. 

3  Evaluating the Performance of the Astral Mass 

Analyzer for Quantitative Proteomics Using Data 

Independent Acquisition 

This chapter is based on the following preprint: Lilian R. Hei1, Eugen Damoc, Tabiwang N. 

Arrey, Anna Pashkova, Eduard Denisov, Johannes Petzoldt, Amelia Peterson, Chris Hsu, Brian 

C. Searle, Nicholas Shulman, Michael Riffle, Brian Connolly, Brendan X. MacLean, Philip M. 

Remes, Michael Senko, Hamish Stewart, Christian Hock, Alexander Makarov, Daniel 

Hermanson, Vlad Zabrouskov, Christine C. Wu, Michael J. MacCoss. Evaluating the 

performance of the Astral mass analyzer for quantitative proteomics using data independent 

acquisition. 

We evaluate the quantitative performance of the newly released Asymmetric Track 

Lossless (Astral) analyzer. Using data independent acquisition, the Thermo Scientific™ 

Orbitrap™ Astral™ mass spectrometer quantifies 5 times more peptides per unit time than state-

of-the-art Thermo Scientific™ Orbitrap™ mass spectrometers, which have long been the gold 

standard for high resolution quantitative proteomics. Our results demonstrate that the Orbitrap 

Astral mass spectrometer can produce high quality quantitative measurements across a wide 

dynamic range. We also use a newly developed extra-cellular vesicle enrichment protocol to 

reach new depths of coverage in the plasma proteome, quantifying over 5,000 plasma proteins in 

a 60-minute gradient with the Orbitrap Astral mass spectrometer. 
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3.2 Introduction 

Quantitative proteomics has advanced significantly over the past decade, becoming a 

critical tool for biological and biomedical research. However, robust proteome-wide 

measurements remain challenging due to the complexity of the proteome. Notably, the dynamic 

range of the proteome is vast, with the cellular proteome spanning 7 orders of  magnitude6 and 

some biofluids, such as plasma, spanning 10 orders of magnitude.7 Additionally, ultra-high 

sensitivity is more critical than ever as the field expands to include single cell measurements.60–62 

Despite advances in technology, there is still room for improvement in quantitative sensitivity, 

accuracy, and precision across the complete dynamic range. While a large subset of well-

characterized proteins are studied frequently, relatively little is known about many lower 

abundance proteins.63 Thus, mass spectrometry (MS) has emerged as the dominant method for 

quantitative proteome-wide measurements,8 however, further advancing the field will require 

continued improvement in hardware and data acquisition techniques.  

Mass spectrometry offers the promise of comprehensive proteome-wide studies, but 

quantifying proteins accurately across the full dynamic range remains an unresolved challenge. 

Recent studies have reported the detection of large numbers of proteins: up to 7700 proteins in a 

44-minute run64, 10,000 proteins in a single 120-minute run65, and over 12,000 proteins using 

biochemical fractionation.66 These results highlight the increasing difficulty in measuring low 

abundance proteins. Additionally, these studies each implement their own thresholds for false 

discovery rates and quantifiable peaks, making these results difficult to compare. Even a 

standard false discovery rate of 1% can have widely different meanings across different tools, 

instruments, and data sets. Measurements that do not produce any quantitative information 

inflate numbers while diluting statistical power. Yet, many proteomics studies take quantification 



 

 35 

for granted,57 with very few experiments to benchmark quantification over a significant dynamic 

range. Therefore, rigorous analytical evaluation of novel technologies, with a primary focus on 

their quantitative capabilities, is a critical part of the technology development cycle. 

The Astral is a novel high resolution accurate mass (HRAM) analyzer that shares some of 

the operational principles with established mass analyzers, including the Orbitrap, ion trap and 

time-of-flight.67 A nearly lossless ion transfer is its most unique characteristic, derived from 

aligned ion injection and precise modulation of ion motion in three dimensions on a long 

asymmetric track and resulting in high sensitivity and consequently high analytical acquisition 

rate.67 Additionally, due to the configuration of the components (Figure 1A), automatic gain 

control (AGC)68 may be used to increase sensitivity and inter-spectrum dynamic range without 

the need for spectrum averaging as is the case with conventional orthogonal acceleration TOFs. 

The theoretical benefits of such an analyzer are evident, but the practical impacts still need to be 

assessed. To this end, we evaluated the quantitative performance of the Orbitrap Astral MS for 

data independent acquisition (DIA) and benchmark it relative to widely used Orbitrap based 

instruments.   

We use a matrix-matched calibration curve56,57 to compare limits of quantification in both 

analyzers. This benchmark demonstrates the quantitative gains associated with the Orbitrap 

Astral mass spectrometer relative to existing state-of-the-art technology, with 22% more 

quantifiable peptides in a run that is about one-quarter of the length of that used in the Orbitrap. 

We further demonstrate quantitative gains associated with using dynamic DIA69 (dDIA) to 

maximize injection times across the mass range. To highlight the significance of this improved 

dynamic range, we analyze the plasma proteome. Using a membrane bound particle enrichment 

method,70 we quantified 5163 proteins in a single 70-minute LC-MS run with the Orbitrap Astral 
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mass spectrometer. The benchmarking described here demonstrates the power of the Astral mass 

analyzer for robust quantitative data independent acquisition. 

3.3 Methods 

Complete methods are discussed in Appendix B 

3.4 Results and Discussion 

Peptide detections in a whole cell lysate 

To evaluate the performance of the Astral analyzer, we performed a number of 

comparisons with the Orbitrap. First, we used gas phase fractionation50,71,72 to generate in-depth 

chromatogram libraries to compare the total peptide and protein level coverage with each 

analyzer in the same 24-minute gradient. We use these libraries for data analysis but they are 

also a way to compare deep proteome coverage when acquisition time is not a limiting factor. 

The philosophy of our workflow is that the chromatogram library should detect a superset of all 

observable peptides, while subsequent acquisitions may collect lower quality data, albeit at a 

faster rate. Here, we created a library from six different injections of the same HeLa digest with 

each analyzer, each covering a 100 Th mass range with 4 Th isolation windows and a 23 ms 

maximum injection time. Although the Astral has the ability to acquire spectra at rates up to 200 

Hz, for this comparison we reduced the rate significantly and allowed a relatively long maximum 

injection time so that we could directly compare coverage with the Orbitrap. Even controlling for 

injection times between analyzers, we can expect to see differences because the Orbitrap fills 

with significantly more charges than the Astral (Figure 3-1 A). While both mass analyzers 

tended to reach their maximum injection time in every spectrum (Figure 3-1 B), the high 
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sensitivity of the Astral means it has more data points per spectrum (Figure 3-1 C) and 

decreased overhead enabled by additional parallelization (i.e. processing 5 distinct ion packets in 

parallel) allows the Astral to acquire spectra at a faster rate even at the same injection time 

(Figure 3-1 D). As a result of these differences, there are 70% more detectable peptides in the 

Astral chromatogram library than the Orbitrap-based chromatogram library (87,257 and 51,603 

respectively). Although it should be noted that these Orbitrap parameters may have been 

suboptimal and longer injection times could have resulted in deeper coverage.  

 

Figure 3-1: Ion statistics for HeLa chromatogram library, 24 minute gradient 

Comparison of ions per spectrum (A), injection time (B), centroids per spectrum (C), and 

overall acquisition speed for both Orbitrap and Astral in a 24-minute chromatogram 

library run. The Orbitrap detector is less sensitive than the electron multiplier in the 

Astral and therefore the Orbitrap requires more ions to reach optimal performance. 
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In contrast to gas-phase fractionation approaches to build a library, the majority of DIA 

experiments performed today are single runs for quantitative analysis. To evaluate the ability of 

the Astral to detect peptides across a wide dynamic range, we acquired DIA data for a whole cell 

HeLa lysate in the Astral analyzer and compared the results to an existing dataset acquired by 

Heil, et al., on the Orbitrap analyzer in an Orbitrap Fusion Lumos mass spectrometer.69 There are 

several differences between these datasets, most notably a 24-minute gradient at 750 nL/minute 

was used for the Astral data while the Orbitrap data was collected with a 90-minute gradient at 

300 nL/minute. The longer gradient better accommodates the Orbitrap acquisition rate and 

should give it a significant advantage in this head-to-head comparison. Narrow window 

chromatogram libraries50 were generated for each method and used for analysis of the 

quantitative data, using various acquisition schemes in the Astral to compare with the Orbitrap 

(Figure 3-2 B). Although sample specific libraries may not be necessary for the Astral when 

narrow (2-4 Th) isolation windows can be used across the full mass range, we use the narrow 

window library here for consistency and to increase search speed. 
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Figure 3-2: Quantitative comparison of the Orbitrap Astral MS and Orbitrap 

Fusion Lumos performance on a bulk cell digest 

Schematic of the Orbitrap Astral mass spectrometer (A) and of isolation windows used 

for each method, with a limited mass range displayed (B). A dynamic DIA method was 

created based on peptide feature density with systematic isolation windows moving 

across the mass range between the two dark colored lines (C). The overlap of protein 

identifications between each method shows a high level of agreement between different 

Astral methods, with a subset of these proteins being detectable in the Orbitrap (D). Data 

were acquired on the Orbitrap Astral MS with a 24-minute gradient compared to a 90-

minute gradient on the Orbitrap Fusion Lumos MS. 

When creating a quantitative DIA method, it is important to strike a balance between 

cycle time, spectrum acquisition rate, and isolation window width that fits the specific sample 

type, experimental goals, and LC parameters. Therefore, we evaluated three different Astral 
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methods against a standard Orbitrap method. The first Astral method was acquired at 187 Hz 

using 3.5 ms maximum injection times and 2 Th isolation windows. The second Astral method 

used longer injection times (10 ms) and wider isolation windows (4 Th) in an effort to increase 

sensitivity and dynamic range. The third method used a dynamic DIA scheme69 which adjusts 

the isolation window range across time (Figure 3-2C), allowing for longer injection times (10 

ms) with narrow isolation windows (2 Th). Generally, longer injection times allowed the Astral 

to accumulate more ions (Figure 3-3 A) while slowing the overall acquisition rate significantly 

(Figure 3-3 B&D). Additionally, narrower isolation windows reduced the spectral complexity, 

although spectra generated by the Astral are significantly more complex than those of the 

Orbitrap (Figure 3-3 C). In this 24-minute gradient, all three Astral methods identified 7700-

8200 proteins (Figure 3-2 D) and 58,000 - 75,000 peptides (Figure 3-4). The Orbitrap detected 

6885 proteins and 55,981 peptides in a 90-minute gradient, meaning that the Astral analyzer is 

able to detect more peptides and proteins in a fraction of the time that was needed for Orbitrap 

analyzer (~1/4). 
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Figure 3-3: Ion statistics for quantitative DIA methods 

Comparison of ions per spectrum (A), injection time (B), centroids per spectrum (C), and 

overall acquisition speed for both 3 Astral methods acquired with a 24-minute gradient, 

one Orbitrap method acquired with a wide mass range and a 90-minute gradient, and 

one Orbitrap method acquired with a 75 Th mass range and the same, 24-minute 

gradient used in the Astral methods. 
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Figure 3-4: UpSet plot of peptide detections across methods 

Comparison of peptide-level detections in 1 µg of HeLa digest in the Astral with a 24-

minute gradient and the Orbitrap with a 90-minute gradient. Set size indicates total 

number of peptide detections in each dataset.  

To test performance of the Orbitrap while controlling the isolation window and using the 

same LC setup, we acquired a set of runs in the Orbitrap covering a 75 Th mass range with 2 Th 

isolation windows. As we observed with the 90-minute gradient, spectra generated in the 

Orbitrap typically consist of more ion signal distributed across fewer fragment ion peaks, 

pointing to the increased sensitivity of the Astral analyzer (Figure 3-3). In the same mass range, 

which was a subset of the total mass range covered, the Astral analyzer detected 43% more 

peptides (Figure 3-5). This observation suggests that part, but not all, of the increase in peptide 

detections seen in the Astral analyzer can be attributed to its high speed and sensitivity allowing 

it to cover a wider mass range with relatively narrow isolation windows. 
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Figure 3-5: UpSet plot of peptide detections across a limited mass range, same LC 

method 

Comparison of peptide-level detections in 1 µg of HeLa digest in the Orbitrap and the 

Astral with a 24-minute gradient. The Orbitrap method acquired DIA spectra across a 

limited (75 Th) mass range, and the Astral data was originally acquired across a larger 

mass range but was filtered down for the analysis to peptides in the same 75 Th mass 

range. 

Quantitative benchmarking of DIA performance 

While peptide and protein level identifications can be useful metrics to evaluate 

instrument performance, these numbers may not fully reflect the quality of the data. Therefore, 

we evaluated the quantitative precision and accuracy of the Orbitrap Astral MS using a 24-

minute gradient relative to the Orbitrap Fusion Lumos using a 90-minute gradient. First, we 

looked at the technical precision across injection replicates with different inputs (Figure 3-6). 

We found that the coefficient of variation for 1 µg, 500 ng, and 100 ng of HeLa digest tends to 

be similar if not slightly better for the Astral than the Orbitrap. When compared with the same 

gradient and reduced mass range in the Orbitrap, a similar trend can be observed, suggesting that 
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these results were not just due to differences in the chromatography or experimental setup 

(Figure 3-7). Additionally, we observed that using longer maximum injection times in the Astral 

analyzer improved the technical precision, with the narrow windows and longer injection times 

afforded by dynamic DIA providing an improvement in technical precision at all input levels.  

 

Figure 3-6: Evaluation of the technical precision of the data obtained with the Astral 

analyzer 

Peptide (A) and protein (B) level coefficients of variation across 4 different acquisition 

methods. CVs are plotted for the same set of peptides with different amounts of HeLa 

injected with SILAC HeLa added as a background to keep total protein loading level 

constant (1000 ng). Dashed horizontal line represents the median CV, which is also 

indicated on the plot. 

 

It is notable that the Astral analyzer is able to measure more peptides than the Orbitrap 

analyzer and still have similar if not better median CVs. Generally, the variance will increase as 

analyte abundance decreases. However, these results suggest that the Astral is able to generate 

very high-quality measurements for a large number of peptides in a short amount of time.  
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Figure 3-7: Peptide and protein CVs across limited mass range 

Peptide (A) and protein (B) level coefficients of variation across 4 different acquisition 

methods. CVs are plotted for the same set of peptides with different amounts of HeLa 

injected with SILAC HeLa added as a background to keep total protein loading level 

constant (1000 ng). Dashed horizontal line represents the median CV, which is also 

indicated on the plot. The Orbitrap method acquired DIA spectra across a limited (75 

Th) mass range, and the Astral data was originally acquired across a larger mass range 

but was filtered down for the analysis to peptides in the same 75 Th mass range. 

Technical precision is an important metric for evaluating performance, but quantitative 

accuracy is the goal of most proteomics experiments and needs to be evaluated independently. 

Therefore, we use matrix-matched calibration curves to evaluate proteome-wide quantitative 

performance.56,57 By diluting our analyte (HeLa cell digest) in a similar matrix (SILAC labeled 

HeLa cell digest), we calculate the lower limits of quantification for thousands of peptides at a 

time and assign a robust analytical figure of merit to sensitivity. We can categorize peptides as 

quantitative if they can be assigned a lower limit of quantification (LLOQ), meaning that their 

signal has a linear response to changes in input when the total protein input is less than 1 µg. 

This measure provides more information than variance-based measurements, which can be 
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misleading, as the variance of background signals can be quite low. This comparison is 

especially important here, where the mass analyzers have drastically different levels of 

background signal. 

Using a 9-point matrix-matched calibration curve, we quantified up to 46,038 peptides in 

the Astral in a 24-minute gradient compared to 40,098 peptides in the Orbitrap in a 90-minute 

gradient (Figure 3-8 A). In addition to quantifying more peptides than the Orbitrap, the Astral 

tends to produce slightly better LLOQs than the Orbitrap for the peptides that both analyzers can 

quantify (Figure 3-8 B).  We can further improve quantification by integrating only the set of 

fragment ions that yield the best lower limit of quantification per peptide.73 This procedure 

improves the lower limit of quantification in all cases but is particularly beneficial for the Astral-

based data, likely due to its higher spectral complexity (Figure 3-8 A&C). With the refined 

transition set, the Astral quantifies at most 58,330 peptides (17,454 across at least a 10x linear 

dynamic range) while the Orbitrap quantifies 47,671 peptides (10,686 across at least a 10x linear 

range). In all cases, the Astral quantifies more peptides and tends to have a better LLOQ (Figure 

3-8 C). This quantification is achieved in significantly less time in the Astral than the Orbitrap. 

In fact, per unit time, the Astral quantifies 5 times as many peptides as the Orbitrap (Figure 3-9). 

Another way to look at the quantitative performance is to observe the ratio of signals between 

two dilution points. There, the sensitivity of the Astral is evident over a 10x dilution, where 

accurate quantification is observed for most peptides and proteins (Figure 3-8 D, Figure 3-10).  

To eliminate the possibility that experimental differences were responsible for the increase in 

sensitivity, we also confirmed that the Orbitrap underperformed relative to the Astral in the 

reduced mass range 24-minute gradients, with considerably less sensitivity by all metrics 

(Figure 3-11). 
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Figure 3-8: Evaluation of the quantitative performance of the Orbitrap Astral MS 

Summary of peptides detected in a matrix-matched calibration curve of HeLa into SILAC 

labeled HeLa, with 1 µg of total protein load (A). Results of A are summarized in 

Supplemental Table 2. Peptides are considered detectable if they were detected at 1% 

FDR, quantitative if they could be assigned a lower limit of quantification less than 

100%, quantitative over a 10x dynamic range if that LLOQ was less than 10%, and 

quantitative over a 50x dynamic range if the LLOQ was less than 2%. Transitions were 

refined in Skyline to optimize LLOQ and metrics were recalculated with this refined 

transition set. Pairwise comparison of LLOQs for peptides quantified in the Astral and 

the Orbitrap, black dashed line represents the median LLOQ (B). Histogram of LLOQs 

for all quantifiable peptides before and after transition refinement, black dashed lines 

represent the median LLOQ (C). Signal ratio between 2 points on the dilution curve 

(100% and 10%) with expected ratio shown as dashed black line, signal from the blank 

was subtracted from each signal to account for carryover and non-zero background (D). 

Orbitrap data were acquired with a 90-minute gradient, compared to a 24-minute 

gradient for the Astral data. 
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Figure 3-9: Peptides quantified per unit time 

Plot of peptides quantified per hour. Same data shown in Figure 3-8 A, scaled to gradient 

length. 
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Figure 3-10: Quantification across a 10x dilution using standard protein grouping 

Density plot of quantitative ratios across a 10x dilution using protein grouping. Astral 

data were acquired with a 24-minute gradient, compared to Orbitrap which used a 90-

minute gradient. 
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Figure 3-11: Quantification across a shorter mass range 

Summary of peptides detected in a matrix-matched calibration curve of HeLa into SILAC 

labeled HeLa, with 1 µg of total protein load (A). Peptides are considered detectable if 

they were detected at 1% FDR, quantitative if they could be assigned a lower limit of 

quantification less than 100%, quantitative over a 10x dynamic range if that LLOQ was 

less than 10%, and quantitative over a 50x dynamic range if the LLOQ was less than 2%. 

Transitions were refined in Skyline to optimize LLOQ and metrics were recalculated with 

this refined transition set. Pairwise comparison of LLOQs for peptides quantified in the 

Astral and the Orbitrap, black dashed line represents the median LLOQ (B). Histogram 

of LLOQs for all quantifiable peptides before and after transition refinement, gray 

dashed lines represent the median LLOQ (C). Signal ratio between 2 points on the 

dilution curve (100% and 10%) with expected ratio shown as dashed black line (D). The 

Orbitrap method acquired DIA spectra across a limited (75 Th) mass range, and the 

Astral data was originally acquired across a larger mass range but was filtered down for 

the analysis to peptides in the same 75 Th mass range. 

While quantification generally is better in the Astral, the Orbitrap generally performed 

better across a 100:1 dilution range (Figure 3-12). This trend is consistent with the 24-minute 

gradient and shorter mass range, where the Orbitrap quantification is slightly better, although 
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fewer peptides are quantified (Figure 3-12). Similarly, the Astral quantifies significantly more 

peptides (17,454 in Astral with 3.5 ms maximum injection time, 10,686 in Orbitrap) across a 10x 

linear dynamic range compared to the 90-minute gradient in the Orbitrap, but fewer peptides 

across a 50x dynamic range (1598 in Astral with 3.5 ms injection time, 1948 in Orbitrap). This 

relative improvement of Orbitrap performance at lower dilution points may be due to the longer 

injection times allowing for deeper coverage as well as the higher intra-spectrum dynamic range 

of the Orbitrap analyzer which is critical for quantification in cases where the peptide of interest 

is a minor species in a chimeric spectrum. The injection time theory is supported by the fact that 

quantification in the Astral improved by increasing injection time (2563 peptides have 50x linear 

dynamic range with 10 ms maximum injection time). In both of these comparisons, the 

performance of the Orbitrap Astral MS was handicapped by either a shorter gradient or a wider 

mass range. Even the largest maximum injection time assessed (10 ms) was shorter than the 

Orbitrap (23 ms). Regardless, the Astral is comparable if not better to the Orbitrap in every 

method assessed here. 
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Figure 3-12: Quantification across 2 orders of magnitude 

Density plot of peptide quantitative ratios across a 100x dilution. Astral data were 

acquired with a 24-minute gradient, compared to Orbitrap which used a 90-minute 

gradient. 
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Figure 3-13: Quantification across 2 orders of magnitude, shortened mass range 

Density plot of peptide quantitative ratios across a 100x dilution. Astral data were 

acquired with a 24-minute gradient, compared to Orbitrap which used a 90-minute 

gradient. The Orbitrap method acquired DIA spectra across a limited (75 Th) mass 

range, and the Astral data was originally acquired across a larger mass range but was 

filtered down for the analysis to peptides in the same 75 Th mass range. 

Although the Orbitrap Astral MS has the ability to acquire data at rates up to 200 Hz, we 

predicted that it may be better to use a slower acquisition rate and to increase maximum injection 

times to increase sensitivity. We found that acquiring spectra at 187 Hz (3.5 ms maximum 

injection time) and 2 Th isolation windows results in a large number of peptide and protein 
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detections (Figure 3-2 D), but these detections tend to have higher CVs and LLOQs than 

measurements acquired with longer injection times (Figures 3-6 &3-8). However, increasing the 

maximum injection time to 10 ms required doubling the isolation window to maintain a 

reasonable cycle time, so we also used a dynamic DIA method which allowed for a 10 ms 

injection time and 2 Th isolation windows across a variable 300 Th mass range (Figure 3-2 

B&C). Using dynamic DIA decreases the number of peptide and protein identifications, but 

results in better technical precision (Figure 3-6) and improved limits of quantification (Figure 3-

8 and Figure 3-14). The longer injection times and narrower isolation windows allowed by 

dynamic DIA improve quantitative accuracy more as the input gets lower, suggesting that this 

type of method would be particularly useful in cases where high sensitivity is a priority (Figure 

3-12).  

 

Figure 3-14: Effects of dynamic DIA on limit of quantification 

Pairwise comparison of lower limits of quantification obtained by peptides quantified in 

multiple methods by the Astral. Dashed black line represents the median ratio. A log 
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ratio greater than 0 means that the dynamic DIA method was more sensitive than the 

static acquisition method. 

We acquired DIA data in the Astral analyzer with a 24-minute gradient at 750 nL/minute 

as this allows for relatively high throughput. Because the Orbitrap acquires spectra at a much 

slower rate due to longer detection times and requisite injection times, the dataset we are 

comparing against was acquired with a 90-minute gradient at 300 nL/minute. There are other 

differences in the acquisition parameters for the two datasets, such as different columns and a 

different precursor mass range (380-980 Th in the Astral, 400-1000 Th in the Orbitrap). 

Therefore, we want to emphasize that this is not a direct comparison, but instead the longer 

gradient and slower flow rate should put the Orbitrap at a significant advantage. Still, the Astral 

outperforms the Orbitrap by nearly every quantitative metric while nearly quadrupling the 

throughput. The Orbitrap has long been the gold-standard in the field for high resolution accurate 

mass based quantification, and so the improvements in sensitivity and throughput in the Astral 

analyzer represent a step forward for the field as a whole. 

One limitation of the data reported here is that it was acquired on a prototype instrument 

running a beta version of instrument control software. At the time the data were acquired, 

calibration for the detector gain was undergoing further optimization, and the AGC target of 

500% (50,000 charges) may not have been optimal. On the Astral, the major impact of space 

charging is localized to a given peak. If any single peak contains more than 1,000 ions, the ions 

begin to repel each other and slow down slightly. As a result, the peak resolution decreases and 

the mass shifts to a slightly higher value (Figure 3-15). This shift can cause the calibration curve 

to plateau if it pushes the mass outside of the integration boundary. We believe that the effects of 

space charging were relatively minimal here, but could be corrected further by decreasing the 
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AGC target, although this may have a negative impact on LLOQ for some low abundance 

species that fall in the same isolation window as a more abundant species.  

 

Figure 3-15: Mass error vs number of ions 

2-dimensional density plot of fragment mass error vs number of ions. Mass errors are 

shown for every fragment ion in each point across the peak. A clear inflection point can 

be seen above 1000 ions which is consistent with localized space charging. 

Software tools are used to assess whether there is evidence for a specific peptide in a 

dataset. The false discovery rate is often assessed using either an analytical or empirical null. 

These tools have gotten very sensitive, often making use of artificial intelligence for the 

prediction of retention time and fragment ion intensities. However, some of the peptides that 

tools assign as being present at a given retention time don't meet the traditional definition of 

detectability. By definition a signal is detectable if the measured signal, in this case a background 

subtracted peak area, is statistically different from a blank. Thus, to avoid making multiple 
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measurements, many use a heuristic requiring the signal to be >3x the standard deviation of the 

background outside of the peak to be detectable. Using this heuristic is further complicated by 

the fact that different instruments make use of different ion detection and signal processing 

strategies and have vastly different background signal making the assessment of whether a signal 

detectable near impossible to compare between platforms.74 Because of the differences in 

sensitivity, ion detection systems, and signal processing of the Orbitrap and Astral mass 

analyzers we used a matched-matrix calibration curve strategy to assess both the LOD and 

LLOQ for most peptides in a HeLa digest. We ultimately chose to use the LLOQ because 1) it is 

what we care about most, 2) is a more conservative measurement than LOD, 3) it would 

highlight the quantitative performance of each analyzer. 

One striking difference between these two high resolution-accurate mass analyzers is the 

quantity of data produced by the Astral analyzer, as it can acquire spectra much faster than the 

Orbitrap and each spectrum contains more information, i.e. more centroids per spectrum. While 

we have demonstrated that this extra data contains quantitative information on more peptides, 

there is also a lot of additional chemical noise that can complicate analysis. Although an in-depth 

analysis of the extent of this problem is outside the scope of this study, it was evident when 

visualizing detections from multiple search engines that a significant portion (upwards of 10% in 

many cases) of the identifications are matching to background signals with no real peak (Figure 

3-16). In the majority of these cases, there was extensive peptide backbone coverage generated 

by low intensity signals, but these signals show little to no correlation across time, meaning that 

at best they are not providing quantitative information and at worst, they are false matches. We 

propose that these false identifications are a computational problem that is common to all 

datasets acquired with an electron multiplier detector. 
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Figure 3-16: Exemplar false discoveries from search results 

Examples of peptides detected at 1% FDR that have no real peak in Spectronaut (A), 

EncyclopeDIA (B), and DIA-NN (C). These are likely false discoveries matched to 

background signals and accounted for upwards of 10% of all detections regardless of the 

search tool used. Such false detections are characteristic of analyzers that use electron 

multiplier detectors, including conventional time-of-flight analyzers, as the high 

sensitivity can increase chemical background and convolute analysis. 

Notably, 64% of mass spectral peaks in the Astral consist of five or fewer ions (Figure 3-

17), although these low intensity noise signals account for only 6.5% of the total ion current. 

These extra signals in the Astral can interfere with searches if denoising approaches are not used, 

and tools that were originally designed for Orbitrap data should be carefully evaluated before 

being applied to data that is not similarly pre-processed. In this experiment we can largely filter 

out noise by filtering for peptides that are quantitative, meaning they can be assigned a lower 

limit of quantification where their change in signal is proportional to the change in input. 

However, there will be many cases where calibration curves are not readily available for a given 
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sample and, in many cases, a simpler method would be preferable. We propose looking for 

peptides that have at least 3 co-eluting transitions, a strategy that has been used before for DIA 

quality control.50 In this case, over 76% of quantifiable peptides have at least 3 high quality 

transitions compared to just 40% of non-quantifiable peptides, suggesting that this type of quality 

filter may be a good predictor of quantitative behavior. Many of the non-quantitative peptides 

with high quality chromatographic peaks are contaminants or mis-assigned SILAC labeled 

peptides that do not respond as expected in the dilution experiment.  

 

Figure 3-17: Ions per peak 

Density plot of ions per spectral peak in the Astral. Spectra were binned by injection 

time. 

While most analyses do not include this type of filtering, we believe that it is critical in 

reducing noise measurements, and hope that such quality filters become commonplace in the 

future. We propose that this issue is especially problematic in mass analyzers that are capable of 

single ion detection, as the spectra are much more complex (Figure 3-1 C and Figure 3-3 C) 

and low-quality identifications are common. In fact, the relative increase in low quality 
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detections could partially explain the high numbers that have been reported recently from time-

of-flight instruments. Unlike other popular methods,75,76 the isolation windows used on the Astral 

analyzer are narrow (2-4 Th), which reduces search space and spectral complexity therefore 

reducing the chemical noise peaks and the frequency of double-counting peptide features. This 

would suggest that the raw number of peptide and protein identifications alone may be a weak 

indicator of instrument performance and should be met with some degree of skepticism until 

quantitative performance can be validated. The Astral analyzer has higher resolution across the 

full mass range than the Orbitrap analyzer as operated in these experiments (80k vs 15k) and 

much higher resolving power than most commercially available TOF instruments. The high 

resolving power and mass accuracy could help decrease the impact of extraneous signals as a 

smaller mass tolerance can be used for database searching and peak integration. 

Exploring the plasma proteome 

To assess the potential of the Orbitrap Astral MS to generate new biological insights, we 

tested its performance on plasma, a matrix that is both common and analytically challenging.7 

While fractionation and enrichment strategies have improved coverage of the plasma proteome, 

with nanoparticle fractionation detecting 1500-2000 proteins across 5 runs77 and other methods 

yielding up to 2700 proteins in a single run,78 the plasma proteome still remains a formidable 

analytical challenge. The two main ways to address the dynamic range problem are to increase 

the dynamic range of the mass spectrometer itself or to use an enrichment or depletion strategy 

that will reduce the dynamic range of the samples we are measuring. Here, we apply both 

strategies by using the highly sensitive Orbitrap Astral MS to measure plasma proteins from an 

extracellular vesicle enriched sample.  
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The sensitivity and quantitative dynamic range of the Astral analyzer is ideally suited for 

complex biofluids such as plasma. The dynamic range of plasma is especially challenging for 

mass spectrometers as electron multiplier detectors may only have a linear dynamic range of 3-4 

orders of magnitude, which is much smaller than the dynamic range of plasma. Unlike TOFs, the 

Orbitrap Astral MS uses automatic gain control of ion injection times, which can expand the 

dynamic range by two or more orders of magnitude. Therefore, we expected the Astral analyzer 

to perform especially well on plasma and quantify proteins across a wide dynamic range.  

To reduce the dynamic range, we used a simple magnetic bead-based protocol that is 

capable of enriching for extracellular vesicles (EV) from plasma. Because most of the abundant 

plasma proteins are not associated with or within vesicles, they are depleted during the EV 

enrichment process.70  The EVs are enriched using a combination of the MagResyn hyper-porous 

polymer matrix that functions as a molecular “net” for membrane bound particles.  The polymer 

matrix of the beads contains a quaternary ammonium surface chemistry resulting in a cationic 

charge (MagResyn SAX bead). The porous polymer allows vesicles and biomolecules to 

intercalate within the volume of the beads and positive charge provides a way to distinguish 

vesicles from lipoprotein particles based on the charge.79 This protocol results in the enrichment 

of known EV markers by ~20-fold and the depletion of common plasma proteins by ~95%. 

To evaluate plasma proteome coverage in the Astral-based instrument we assessed the 

quantitative performance of multiple acquisition methods with a short (30-minute) and long (60-

minute) gradient in both EV enriched and total plasma. We used multiple isolation window sizes 

and injection times with each gradient to assess the merits of these parameters. For the 30-minute 

gradient, we operated the instrument at 187 Hz (3.5 ms maximum injection time, 2 Th isolation 

windows), 90 Hz (10 ms maximum injection time, 4 Th isolation windows), and 50 Hz (20 ms 



 

 62 

maximum injection time, 4 Th dynamic DIA windows). For the 60-minute gradient, we tested 

two methods both operating at 60 Hz (15 ms maximum injection time), one using 4 Th static 

isolation windows and one using 2 Th dynamic isolation windows.  

Unsurprisingly, we found that the longer gradient produced more peptide and protein 

level identifications than the shorter gradient (Figure 3-18 A). The 60-minute gradient with 4 Th 

isolation windows and a 15 ms maximum injection time yielded the most peptide and protein-

level detections, with 44,668 peptides from 5,163 proteins (Figure 3-18 C). Using a 30-minute 

gradient with 4 Th isolation windows and a 10 ms maximum injection time, we detected 37,534 

peptides from 4,704 proteins. Generally, slowing down the acquisition rate to allow for longer 

injection times led to better technical precision, although cutting the mass range for dynamic 

DIA reduced the number of peptide and protein detections. All methods assessed here detected 

over 4200 proteins with high technical precision, suggesting that the Astral is well-suited for 

these types of measurements (Figure 3-18 B). Further, the Astral is able to detect enrichment 

and depletion of certain marker proteins that span a wide dynamic range relative to total plasma 

(Figure 3-18 D). 70   
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Figure 3-18: Plasma protein quantification 

Peptide and protein-level detections from plasma samples (A). Lighter bars represent 

peptides/ proteins that were detected at 1% FDR but did not have a chromatographic 

peak with at least 3 co-eluting transitions. Summary of all proteins measured with 

selected biologically relevant proteins highlighted (B). Coefficient of variation of all 

peptides detected in EV-enriched plasma with each method (C). The black dashed line is 

at 20% CV; in all cases more than 83% of all peptides had CVs less than 20%. Volcano 

plot of proteins enriched and depleted in the EV-enrichment method relative to a total 

plasma preparation, results are shown for the 60-minute, 4 Th, 15 ms DIA method, and 

are representative for the results from all five methods (D). Vertical black lines indicate a 

fold change of +/- 1.5, horizontal black line indicates a significance threshold of 0.95. 

While technical precision and concordance with known biology suggest that the 

measurements produced by the Orbitrap Astral MS are meaningful, it was evident that a certain 
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proportion of these detections can be attributed to background signals and chemical noise 

(Figure 3-16). Thus, to determine the proportion of high-quality peptides and proteins, we 

filtered the results for peptides with at least three co-eluting transitions. After applying this filter, 

the number of peptides and proteins decreased only slightly to a maximum of 31,373 peptides 

from 4,453 proteins with the dynamic DIA method (Figure 3-18 A). One result of filtering for 

peptides with multiple co-varying transitions is an elimination of peptides with chemical 

interference leading to an improved coefficient of variation (Figure 3-19). Here, increasing the 

injection time improves the ion statistics which increases both the sensitivity and the precision. 

Likewise, narrowing the isolation windows improves the measurement selectivity and reduces 

chemical interference. Both the increased injection time and improved selectivity leads to 

improved detection limits (Figure 3-18 A). Even with a relatively strict quality filter, the plasma 

proteome coverage presented here is unprecedented. 
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Figure 3-19: Plasma CVs before and after refinement 

CVs before (A) and after (B) refinement for peptides with at least 3 co-eluting transitions. 

Note that the set of transitions was also filtered such that only the transitions that formed 

a co-eluting peak were integrated in the refined set. Black dashed line is 20% CV cutoff. 

Conclusions 

Overall, this initial quantitative characterization suggests that the Orbitrap Astral mass 

spectrometer generates high quality, quantitative data for a large number of peptides. The high 

acquisition rate, high resolution, sensitivity, and the power of automatic gain control produce a 

previously unattainable dynamic range across the proteome. In our analysis, the Astral analyzer 

quantified more peptides and proteins than the Orbitrap could in one fourth of the time, meaning 

that with the Orbitrap Astral mass spectrometer the analytical throughput can be quadrupled 

without sacrificing quantitative performance. Additionally, the increased speed of the Astral 
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analyzer allows for smaller isolation windows while covering the same mass range, producing 

spectra that are less complex and computationally easier to search. These advances are critical 

for maintaining precision and accuracy while increasing throughput of measurements.  

Our results also highlight the need for quantitative characterization and careful 

consideration of an instrument’s strengths when selecting the best instrument for the project. 

Despite all of the strengths of the Astral, the intra-spectrum dynamic range of the Orbitrap is 

superior, albeit takes a longer acquisition time to achieve, and it is important to select the 

appropriate analyzer for a given measurement based on the specific goals and practical 

limitations. Here, we use dilution curves spanning a wide dynamic range to determine the lower 

limit of quantification for tens of thousands of peptides in addition to limits of detection and 

coefficients of variation. These figures of merit provide much more context and meaning than 

simply evaluating protein-level identifications or even looking at a single three-proteome 

mixture, as has become the common practice in the field. 

Not only is the quantitative performance of the Orbitrap Astral mass spectrometer 

analytically robust, but we have demonstrated the potential to obtain improved detection of low 

abundance proteins in the plasma proteome when combined with a novel, yet simple, protocol.70  

We can now quantify over 5000 plasma proteins in a single one-hour LC-MS/MS run (Figure 3-

18 C), which was previously unattainable. This depth and quality of coverage is just one 

application where speed, sensitivity, and dynamic range of the new analyzer enable improved 

quantitative coverage in a shorter time span.  
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4  Dynamic Data Independent Acquisition Mass 

Spectrometry with Real-Time Retrospective 

Alignment 

4.1 Summary 

This chapter is based off of the following manuscript: Lilian R Heil, Philip M Remes, Jesse D 

Canterbury, Ping Yip, William D Barshop, Christine C Wu, Michael J MacCoss. Dynamic Data 

Independent Acquisition Mass Spectrometry with Real-Time Retrospective Alignment. BioRXiv. 

https://doi.org/10.1101/2022.11.29.518428. 

Data independent acquisition (DIA) mass spectrometry has grown in popularity in recent 

years due to the reproducibility and quantitative rigor of a systematic tandem mass spectrometry 

(MS/MS) sampling method. However, traditional DIA methods may spend valuable instrument 

time acquiring MS/MS spectra with no usable information in them, hurting sensitivity and 

quantitative performance. We have developed a DIA strategy that dynamically adjusts the 

MS/MS windows during the chromatographic separation. The method focuses MS/MS 

acquisition on the most relevant mass range at each point in time – improving the quantitative 

sensitivity by increasing the time spent on each DIA window. We demonstrate an improved 

lower limit of quantification, on average, without sacrificing the number of peptides detected. 

4.2 Introduction 

As mass spectrometry (MS) gains popularity for the detection and quantification of 

proteins, a variety of data acquisition schemes have been developed to accommodate the diverse 

range of applications. For untargeted experiments, acquisition methods can be characterized as 
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data dependent or data independent. Data independent acquisition (DIA) systematically collects 

MS/MS spectra given mass-to-charge (m/z) range.18 While systematic sampling greatly improves 

reproducibility between runs, there is an inherent trade-off between the total mass range covered 

and the quality of the results which must be considered when creating new methods. For 

example, a wider mass range can theoretically sample a greater range of peptides, but comes at a 

cost to selectivity, sensitivity, and/or quantitative accuracy, depending on the adjustment made 

(Figure 4-1). An ideal MS method strikes a balance between maintaining sensitivity by 

increasing the time per scan, selectivity by minimizing isolation width, coverage by maximizing 

mass range, and speed by minimizing cycle time. Therefore, we aim to have a method that has 

the sensitivity and specificity of a narrow DIA precursor isolation window while having the 

peptide coverage of a wide isolation window while maintaining the same cycle time.  
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Figure 4-1: Tradeoffs associated with DIA methods 

A wider mass range can theoretically sample a greater range of peptides, but comes at a 

cost to selectivity, sensitivity, and/or quantitative accuracy, the exact nature of which 

depends on the isolation width selected. A generic DIA method is shown in (A), with (B-

D) illustrating possible alterations to compensate for doubling the mass range. The 

parameter negatively impacted by doubling the mass range is shown in red. If the 

isolation width is kept narrow, the amount of time that can be spent acquiring each 

spectrum and the number of data points acquired per LC peak is limited, decreasing 

sensitivity, accuracy, and reproducibility (B).  If the isolation width is increased, 

selectivity, dynamic range, and sensitivity may suffer (C). On the other hand, a narrower 

mass range improves data quality by allowing a combination of either improved 

selectivity or sensitivity, at the cost of reduced peptide coverage (D). 

In a typical proteomics experiment, peptides are separated prior to analysis by liquid 

chromatography (LC). Reversed-phase liquid chromatography is the most widely used separation 

in proteomics and separates peptides by hydrophobicity.80  Larger peptides follow a trend of 
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increasing hydrophobicity.81 Previously, Bern et al. (2010)82 and Li et al. (2019)83 have 

capitalized on the relationship between hydrophobicity and m/z by dynamically adjusting the 

DIA isolation windows during the separation. However, these methods have been limited by the 

robustness of the liquid chromatography. Therefore, we aim to build on this concept to 

dynamically adjust the DIA window bounds to accommodate shifts in retention time. As a proof-

of-concept, we chose to use half as many isolation windows acquired for double the time (and 

resolution) although a number of different parameters could be adjusted, including cutting the 

cycle time or isolation window width in half (Figure 4-2).   To minimize the effect of shifts in 

retention time,82,83 we align the current acquisition to a run acquired previously so that the 

optimal DIA windows are adjusted dynamically.31 

4.3 Methods 

Complete methods are discussed in Appendix C 

4.4 Results and Discussion 

 To create a dynamic DIA method, we start by creating a chromatogram library using gas 

phase fractionation DIA.72 This chromatogram library serves two purposes: it provides a reduced 

list of peptides detectable in the quantitative runs50 and is used to optimize the isolation window 

placements for scheduled DIA. The optimal DIA windows at different time points across the 

gradient are selected to maximize the number of library peptides covered while achieving the 

desired cycle time (Figure 4-2A).  
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Figure 4-2: Overview of dynamic DIA method 

All features detected in the chromatogram library are binned by retention time and m/z 

with more features corresponding to a lighter color, and the optimal m/z boundaries are 

shown in dark gray (A). The spectra acquired at 41.9 minutes (B) differs from the spectra 

acquired at 66.8 minutes (C) only in the m/z range of precursor windows that were 

isolated. 

To use dynamic scheduling, we adapt the method described by Remes et al. (2020).31 

Briefly, each instrument cycle consists of an MS1 scan, a set of fast DIA alignment scans 

covering the entire mass range acquired in the linear ion trap, and a set of high-resolution 

scheduled DIA spectra (Figure 4-2 B&C). We acquire an alignment run using the scheduling 

from the original library acquisition. If this run is acquired right after the library acquisition, 

shifts in retention time will be minimal and dynamic scheduling is not necessary (Figure 4-3A). 

Additionally, if a chromatogram library has not been acquired, any single MS run can be used as 

the alignment run and to generate a method directly. Any acquisition mode could be used for an 

alignment run as long as the requisite alignment scans are included and there is information that 

can be used to determine feature density and therefore optimal scheduling bounds (Figure 4-3B).  

The alignment run is preprocessed using Haar compression and subsequent, quantitative runs are 
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acquired using the same sets of DIA alignment scans to determine retention time shifts relative to 

the alignment run, updating the scheduling accordingly. We have contemplated and tested 

several improvements to the methodology that don’t change its essence as presented here, for 

example by including the alignment scans as part of the chromatogram library acquisition to 

avoid the extra alignment run; or by using “self-alignment” of the DIA scans to eliminate extra 

alignment acquisitions all-together. 

 

Figure 4-3: Workflows for generating dynamic DIA methods 

Two alternative workflows for generating dynamic DIA methods. In (A), as demonstrated 

in this paper, a chromatogram library is generated and based on peptide ID density, a 

dynamic DIA method is created. An alignment run is acquired using these optimal 

window boundaries without dynamic scheduling, and the subsequent runs are based on 

the alignment scans from this run. In (B), an alternative workflow is shown where a 

single run may be used for method creation and alignment runs. Any acquisition method 

may be used as long as the required alignment scans are included, and based on feature 

density, a method can be made and immediately applied with real time alignment. 



 

 73 

As proof of concept, we applied this dynamic DIA method to a HeLa cell lysate, 

generating a  chromatogram library with 115,917 peptides spanning an m/z range of 400-1000. 

We elected to keep the isolation window width the same as our traditional DIA method, while 

doubling fill time and resolution. Therefore, we were theoretically able to measure 81,833 of the 

library peptides (70.6%) (Figure 4-2 A). It is important to note that because we use gas phase 

fractionation to acquire chromatogram libraries, we expect the quantitative data to contain fewer 

detectable peptides than the theoretical limit.  

We used a matrix-matched calibration curve to compare the quantitative performance of 

dynamic DIA relative to our gold standard DIA method.56  We generated calibration curves and 

determined the lower limit of quantitation (LoQ) (Appendix C).56 Here, we define peptides as 

quantifiable if they were able to be assigned a lower limit of quantitation less than the undiluted 

sample. 
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Figure 4-4: Comparison of quantifiable peptides using dynamic and traditional DIA 

The total number of peptides that are deemed quantifiable in each method are shown with 

overlaps between the methods indicated (A). The relative density of limits of quantitation 

for all peptides in each method suggests that the dynamic DIA method typically leads to 

better LOQs (B). In cases where peptides are quantifiable in both methods, there is over 

a two-fold improvement (reduction) in lower limit of quantitation when using the dynamic 

method (C). Dynamic DIA detects and quantifies more peptides than traditional DIA (D).  

With traditional DIA, we were able to detect 34,443 peptides in the matrix-matched 

calibration curve experiment, of which 23,888 were deemed quantifiable based on their LoQs. 

With dynamic DIA, we detected 36,355 peptides, and quantified 24,597 (Figure 4-4). Further, 

the median LoQ is a relative concentration of 20% with traditional DIA compared to 16% for 

dynamic DIA (Figure 4-4B). We observe almost a 2 fold improvement in LoQ with dynamic 

DIA compared to the traditional static method in peptides that can be quantified from both 

datasets (Figure 4-4C). Because dynamic DIA focuses on a smaller m/z range, the instrument 

spends more time measuring peptides in this range and more ions are measured per spectrum 

(Figure 4-5). 
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Figure 4-5: Number of ions per spectrum 

By leveraging the dynamic DIA method to increase maximum injection times allowed by 

automatic gain control, each spectrum contains more ions which accounts for the 

increased sensitivity. 

4.5 Conclusions 

In this work, we have demonstrated the potential of scheduled DIA to improve 

quantitative sensitivity and precision while maintaining the number of peptide detections. Here, 

we present one way to use the extra time generated by shrinking the mass range, which is 

increasing the maximum injection time. However, we anticipate that this is not the only way to 

use this method and the optimal parameters will vary based on the experiment. This method is 

ideally suited to shorter chromatographic gradients with narrow elution peaks as demonstrated by 

Li et al. (2019)83, cases where peptides of interest span a large m/z range, and  complex mixtures 

where narrow isolation windows are important for selectivity. Narrow isolation windows could 

be especially useful when using unit resolution mass analyzers, where interference is a concern. 
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Narrowing acquisition windows is especially important given recent work showing that the unit 

resolution linear ion trap is more sensitive than Orbitrap analyzers in both targeted and DIA 

methods.73,84 Such sensitivity improvements are critical advancements for advancing any mass 

spectrometry-based measurements, including the still nascent field of single cell and low input 

proteomics, an area that has generated widespread interest in recent years. 

5  Building spectral libraries from narrow window 

data independent acquisition mass spectrometry 

data  

5.1 Summary 

This chapter is based off of the following publication: Lilian R. Heil, William E. Fondrie, 

Christopher D. McGann, Alexander J. Federation, William S. Noble, Michael J. MacCoss, and 

Uri Keich. Building spectral libraries from narrow window data independent acquisition mass 

spectrometry data. J Prot Res. 2022, 21 (6), 1382–1391. 

Advances in library-based methods for peptide detection from data independent 

acquisition (DIA) mass spectrometry have made it possible to detect and quantify tens of 

thousands of peptides in a single mass spectrometry run. However, many of these methods rely 

on a comprehensive, high quality spectral library containing information about the expected 

retention time and fragmentation patterns of peptides in the sample. Empirical spectral libraries 

are often generated through data-dependent acquisition and may suffer from biases as a result. 

Spectral libraries can be generated in silico but these models are not trained to handle all possible 

post-translational modifications. Here, we propose a false discovery rate controlled spectrum-
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centric search workflow to generate spectral libraries directly from gas-phase fractionated DIA 

tandem mass spectrometry data. We demonstrate that this strategy is able to detect 

phosphorylated peptides and can be used to generate a spectral library for accurate peptide 

detection and quantitation in wide window DIA data. We compare the results of this search 

workflow to other library-free approaches and demonstrate that our search is competitive in 

terms of accuracy and sensitivity. These results demonstrate that the proposed workflow has the 

capacity to generate spectral libraries while avoiding the limitations of other methods. 

5.2 Introduction 

Data independent acquisition (DIA) mass spectrometry (MS) has emerged as a powerful 

method to simultaneously quantify tens of thousands of peptides in a single MS run.85,86 Unlike 

data dependent acquisition (DDA) tandem mass spectrometry methods which select precursor 

ions to fragment in real time, in DIA the instrument cycles through a series of pre-defined 

isolation windows to fragment all ions in a specific mass-to-charge (m/z) range.18 Decreasing the 

precursor isolation width comes at a cost to either total mass range covered or the number of 

points across the peak, and therefore may not be a viable option. Consequently, DIA tandem 

mass spectra may contain ions drawn from mass ranges of 20 Da or more and can be highly 

complex due to the presence of product ions from multiple co-isolated peptides. As DIA rises in 

popularity, the increasing volume and complexity of data presents computational challenges for 

peptide detection. 

Due to the massive amounts of data generated by modern mass spectrometers, database 

searches are essential to determine which precursor peptide generated a spectrum at a large scale. 

Traditional search methods in proteomics use a “spectrum-centric” approach33  to identify the 
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peptide sequence that best explains a given tandem mass spectrum (MS2). These searches are 

optimized for situations where each spectrum represents exactly one peptide, an assumption 

which originates from typical DDA mass spectrometry data, but is often invalid for unprocessed 

DIA mass spectrometry data. Therefore “peptide-centric” methods were developed, which aim to 

detect the best evidence for each possible peptide sequences in a set of spectra. Methods such as 

PECAN87 employ a peptide-centric method to detect peptides in DIA data based on a protein 

sequence database. Unfortunately, the large search space limits the statistical power of these 

searches, and it is not possible to detect modified peptides without sacrificing statistical power 

due to multiple hypothesis testing.87 This limitation is inherent to peptide-centric searches as the 

candidate peptide search space increases with added search complexity, while spectrum-centric 

searches largely avoid this problem due to a limited number of spectra. 

One DIA search strategy is to group co-eluting fragments and precursor ion signals and 

assign them to groups of pseudo-spectra that can be searched using spectrum-centric DDA 

database search methods.37,88–90 While this method enables the detection of post-translational 

modifications without a spectral library, it relies on the presence of a precursor MS1 signal, 

which may not be present for all peptides that are detectable at the product ion MS2 level. This 

problem is common in trapping instruments such as Orbitraps where automatic gain control 

modulates the fill time to maximize the number of ions in the mass analyzer while minimizing 

negative impacts of overcrowding such as space charging and ion coalescence.91 Automatic gain 

control enables the MS2 spectra to be substantially more sensitive than an MS1 spectrum by 

filling the trap with a narrow m/z range and excluding ions outside the window.92 

Another way to increase statistical power of DIA searches is to use spectral libraries 

which contain information about the retention times and fragmentation patterns of peptides that 
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might be in a sample. Using this information, spectral libraries can be used to perform targeted 

signal extraction on DIA tandem mass spectra to detect and quantify peptides with great 

sensitivity and precision.36,50,85,93–95  By incorporating additional features into scoring models, the 

use of libraries significantly boosts the performance of peptide-centric searches.96 Because 

analyses using spectral libraries are limited by the depth and quality of the library, an incomplete 

or low quality spectral library can derail analysis of even the best data.97 Thus, the method of 

library generation is of utmost importance in DIA mass spectrometry experiments. 

Traditionally, spectral libraries have been generated by offline fractionation via liquid 

chromatography followed by DDA tandem mass spectrometry. These experiments are time 

consuming, sample intensive, and yield libraries which may not represent the behavior of 

peptides in the sample used for quantitative DIA mass spectrometry analysis.50 The inaccuracy of 

DDA-based spectral libraries arises because offline fractionation changes the composition of the 

sample matrix relative to the unfractionated sample, causing shifts in retention time.50,72 

Additionally, DDA methods typically use different, charge state-dependent collision energies as 

opposed to DIA methods that typically assume the same charge state for every fragmentation 

spectrum, creating differences in peptide fragmentation patterns.50,72,98 Further, it has been shown 

that larger DDA based libraries created with offline fractionation yield fewer peptide 

detections.99 To conserve sample and time, publicly available spectral libraries generated from 

DDA methods can be used in place of creating a DDA fractionated library in-house. However, 

even high quality publicly available libraries, such as the Pan-Human library,49 may lack crucial 

peptides specific to a sample and are not available for every possible experimental condition and 

organism. This problem may be exacerbated when specific post-translational modifications 
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(PTMs) are of interest that may not be detectable in a library without enrichment or may be 

unique to a specific set of experimental conditions. 

An alternative method to overcome the problems with DDA-based spectral library 

generation is to use a computational model to predict entire spectral libraries. Recently, tools to 

predict peptide fragmentation and retention time have improved such that it is possible to 

accurately predict these features for all possible unmodified peptides in a proteome, producing 

spectral libraries that are entirely predicted in silico.100–102 Programs such as EncyclopeDIA can 

integrate predicted spectral libraries to detect and quantify peptides in quantitative DIA mass 

spectrometry data.50,100 Notably, DIA-NN has used both predicted and DIA-based spectral 

libraries for highly sensitive searches.39 However, robust methods to predict which peptides are 

likely to be detectable in a sample are not readily available and these searches are hindered by 

the large search space which imposes a limit on sensitivity.50,103 Additionally, these methods 

need to be trained specifically for individual post-translational modifications which can greatly 

limit their use. 

To reduce the search-space and calibrate spectral libraries to a specific sample, gas-phase 

fractionation of a pooled sample can be used to obtain deep coverage of the whole sample space. 

In this method, a single sample is injected six times, and DIA mass spectrometry is performed 

using narrow (4-m/z) staggered isolation windows that can be computationally demultiplexed to 

2-m/z effective isolation width.35 This acquisition method, similar to the PAcIFIC method,71 can 

be used to generate sample-specific chromatogram libraries based on the predicted library which 

increase the power of the search.50,72 While this approach is not ideal for large scale quantitative 

experiments due to the required number of injections, a benefit of using this approach is that the 

effective isolation windows are similar to DDA experiments. Therefore, the data combine the 
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systematic nature of DIA with the relatively low-complexity of DDA data. Because these 

searches are limited by the scope of the predictable library, which typically only covers 

unmodified and fully tryptic peptides, a method to generate libraries that cover more peptides is 

essential. Thus, limitations in spectral library generation have complicated the widespread 

adoption of DIA in many circumstances. 

To address the current obstacles in library construction for DIA data, we propose a 

workflow to detect peptides directly from gas-phase fractionated, narrow-window DIA data 

using a modified spectrum-centric approach outlined in Appendix D Algorithm 1 (sketched 

overview in Figure 5-1). The method involves a spectrum-centric database search to score all 

possible spectrum/peptide combinations – where each peptide entry consists of a peptide 

sequence with a specified charge state. Then, a series of steps for score calibration and a novel 

false-discovery rate estimation method are used to generate a list of peptides and their 

corresponding spectra. We use the results of this search to build spectral libraries that include 

PTMs, thereby enabling us to detect and quantify these peptides in wide-window DIA mass 

spectrometry data. In contrast to other spectrum-centric approaches, this search workflow utilizes 

information from the time domain to generate a spectral library. We demonstrate that this search 

method outperforms DIA-Umpire,37 a pseudo-spectrum based method, to detect phosphorylated 

peptides without the use of a spectral library. Additionally, we show that the peptides detected 

with our method can be accurately quantified in DIA mass spectrometry data. The DIA-based, 

empirically generated spectral library produced by our proposed workflow overcomes the 

limitations of many DIA search methods and simplifies the generation of high-quality libraries 

for many experiments that were previously unable to use DIA mass spectrometry. 
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Figure 5-1: Search workflow 

Workflow for direct searching of narrow-window DIA data. Each blue circle corresponds 

to a subheading in the Approach section. Raw data is searched against a FASTA file and 

the search results are converted into a matrix of scores. Then, spectra at the beginning 

and end of the run are removed from the matrix using changepoint detection, the 

chromatographic peak width is determined, scores are normalized, and highly correlated 

peptides (at their respective charge-states) are competed against one another directly. 

Finally, this set of peptides is subjected to FDR control where peptides are considered at 

multiple precursor charge-states. 

5.3 Approach 

Peptide detection in DIA data presents unique challenges and opportunities that should be 

considered when designing a search method. The proposed workflow aims to address these 

challenges and capitalize on the unique information provided by DIA tandem mass spectrometry 

data. As with any peptide database search, it is important to select a sensitive and powerful score 

metric to quantify the quality of each peptide spectrum match (PSM). Additionally, traditional 

spectrum-centric type searches fail to utilize the time-domain information present within DIA 

data and may struggle to account for highly chimeric spectra. However, simply retaining the top 

n best-scoring peptide candidates per spectrum with no restrictions can lead to artificially large 
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numbers of peptide detections because multiple peptide sequences sharing predicted fragments 

may score highly while only one is present. More generally, due to the complexity of DIA data, 

traditional target/decoy competition methods can be insufficient for DIA searches. 

Here, we present a workflow to detect peptides in narrow-window DIA data that is 

designed to address the challenges of DIA searches with a multi-step procedure, which we 

describe in detail in the following sections. Note that we use the term peptide to denote a peptide 

sequence and charge state combination. Our notation is summarized in Appendix Table 2 and 

the overall procedure is summarized in (Figure 5-1). All processing scripts are publicly available 

at https://github.com/uw-maccosslab/Narrow-DIA-Search. 

The workflow presented here generates a list of peptide-spectrum matches that can be 

easily converted to a spectral library. The resulting spectral library contains each matched 

spectrum and its retention time. Downstream library searches can be performed using this 

library. We do not apply any processing to the library spectra, and instead select the relevant 

fragments during the library search step itself, which is a standard input parameter for these types 

of searches. The specific search parameters may vary based on application and user preference; 

therefore, our aim is to generate a high-quality library that can be used for any library-based 

search. 

Database searching 

Our procedure begins by conducting a Tide search104 using the XCorr score function11 

with Tailor calibration105 and a sufficiently large top-match parameter so that every possible 

mass spectrum/peptide combination is assigned a score. We use data acquired with gas-phase 

fractionation, wherein a pooled sample is injected six separate times, each injection spanning a 

https://github.com/uw-maccosslab/Narrow-DIA-Search
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100-m/z mass range.71 The acquisition scheme uses 4-m/z isolation windows that are acquired 

using a staggered isolation scheme so that they can be computationally demultiplexed to 2-m/z 

(Figure 5-2).35,72 The Tide search results are stored in matrices, each covering a single 2-m/z 

precursor isolation window, where each row represents a theoretical peptide at a specific charge 

state, each column represents a tandem mass spectrum, and each entry is the Tailor calibrated 

XCorr score of the match between the corresponding peptide and spectrum (Figure 5-3, 

Algorithm 2). Each matrix 𝑀 consists of 𝑚 peptides 𝑃 and 𝑛 mass spectra 𝑆, where 𝑃 and 𝑆 are 

specific to each 2-m/z isolation window, and it contains no missing values. In a typical 

experiment, there are 50 matrices for each of the six gas phase fractions. For a 90-minute 

gradient searched against all unmodified fully tryptic yeast peptides, each of these 300 matrices 

is approximately 2000 peptides by 1500 spectra. For every target peptide in the database, there is 

a corresponding decoy, generated by Tide by shuffling the peptide sequence while preserving the 

first and last amino acids.104 Here, a “target/decoy pair” refers to a target and the decoy generated 

from its sequence. 

 

Figure 5-2: Precursor isolation scheme for fraction 400-500 

Library data is acquired as described by Pino et al. (2020), using a staggered isolation 

scheme. Isolation windows are originally 4-m/z in width but are later demultiplexed to 2-

m/z. 
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Figure 5-3: Representation of a single 2-m/z matrix produced after Tide search 

 (A) The full matrix has 1733 peptides (rows) and 1439 spectra (columns). (B) A zoom in 

on the area of (A) marked by the yellow box. The peptide NLEIQQSLGTLK is accepted at 

1% FDR based on this example. 

Changepoint detection 

DIA data includes uninteresting mass spectra at the beginning and end of the run before 

and after peptides are eluting. The matrix columns (Figure 5-3) corresponding to these mass 

spectra have score distributions that are distinct from the rest of the run, and are identified using 

changepoint detection (Algorithm 3). Specifically, we considered (in this order): two, three, or 

four changepoints in the mean and variance of the median of the score distribution for each 

spectrum. The changepoints were identified using binary segmentation and if the number of 

spectra between the first and last changepoints was at least 50% of the total number of spectra, 
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then we stopped at that number of changepoints and continued the rest of the analysis using only 

the spectra between those changepoints (Figure 5-4).106,107 This process focuses our analysis on 

mass spectra where peptides are likely to be present, thus ensuring more accurate score 

calibration. 

 

Figure 5-4: Plot of median XCorr scores for each spectrum across a DIA window 

Changepoint detection automatically removes spectra with median scores distinct from 

the rest of the run. To account for shifts in score distributions early in the 

chromatographic gradient, only spectra between red dashed lines are retained for 

analysis. We first identify two changepoints and retain only the 𝑛′ mass spectra between 

these two changepoints provided 𝑛′ ≥ 0.5𝑛, where 𝑛 is the original number of spectra. If 

𝑛′ < 0.5𝑛 then we repeat the changepoint detection while increasing the number of 

changepoints, this time considering the 𝑛′ spectra between the first and the last 

changepoints. 
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Chromatographic peak detection 

As peptides elute from the column, we expect to observe them in multiple consecutive 

mass spectra, a feature that could potentially help to distinguish between true and false 

detections, but using this information is not straightforward. Notably, the associated 

chromatographic peak widths may vary due to many factors. Therefore, we propose a 

computational method to deduce the chromatographic peak width of each peptide (Figure 5-5). 

 

Figure 5-5: Peak boundaries assigned with our method 

The figure graphically depicts the +/- 20 Xcorr scores surrounding the top scoring 

spectrum for a number of target peptides. Peak boundaries (assigned by Algorithm 4) 

are shown with yellow lines. 

In the case of DIA spectra, determining the chromatographic peak boundaries is 

equivalent to assigning each peptide 𝑝𝑖 a time-consecutive sequence of MS2 spectra which 

contain fragment ions that can be explained by 𝑝𝑖. Computationally this amounts to scanning the 

𝑖𝑡ℎ row of the PSM matrix 𝑀 for a stretch of column-consecutive high scoring entries anchored at 
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the maximal entry for that row. While this process is conceptually straightforward, the baseline 

Xcorr score distributions vary substantially between peptides. Therefore, we found that further 

normalization applied to each row significantly improves our ability to assign correct peak 

widths. Specifically, we use robust z-scores that provide normalization that is robust to outliers 

that appear when peptides have a few high scoring spectra. 

Hence, matching the consecutive sequence of MS2 spectra to a peptide to assign peak 

width amounts to applying row-wise robust z-score normalization, and then identifying the 

maximal entry for each row (peptide). Then, we extend the sequence by adding as many entries 

to the left and right of the maximal entry with a score ≥ 70% of the maximal entry. When 

executing target/decoy competition-based FDR control, it is essential that each target/decoy 

peptide pair shares the same width group. Therefore, we assign each target/decoy pair the 

maximum of the two assigned widths. Without assigning target/decoy pairs to the same group, 

we are unable to perform direct target decoy competition during FDR control. In Algorithm 4 

we provide more details on the approach. 

Following this last step, we compete each target peptide with its corresponding decoy so 

that only the larger scoring one is retained while the other is removed from consideration 

(Algorithm 6). This direct competition is essential to our false-discovery rate control and it is 

performed early in the procedure here to reduce the computational overhead of subsequent steps. 

Even with accurate chromatographic peak width boundaries, it is not obvious how to use this 

information. After exploring several options, including methods to reward peptides with wider 

peaks, we ended up exploiting this information to split the peptides into groups with similar 

chromatographic peak widths. Subsequently controlling the FDR separately in each group boosts 

power relative to an ungrouped approach. 
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Peptide score normalization 

Many search algorithms implement spectrum-level score calibration to normalize scores 

and boost detection power.105,108 This normalization helps boost power because it can account for 

biases unique to specific spectra (e.g., more sparse spectra might tend to have lower scores). It 

has been noted that similar biases are present for each peptide, where properties such as length 

and charge state systematically influence their scores.109 Therefore, we aimed to implement 

peptide-level score normalization to increase detection power. This normalization would not be 

possible in DDA-type scenarios where sampling for a given peptide will be inherently sparse. 

However, in the case of DIA data, each peptide’s m/z range is systematically sampled across the 

run, making this type of normalization meaningful. This calibration helps eliminate biases for or 

against specific subsets of peptides. For example, singly charged peptides tend to have lower 

scores because they have shorter sequences and therefore yield fewer ions. 

Recall that when determining the peak width above we used robust z-score normalization 

to normalize the rows of the matrix scores 𝑀. However, the goal here is different: for width-

detection the focus of the normalization is on effectively normalizing the relative differences 

within a row. In contrast, the purpose of peptide normalization is to be able to compare maximal 

PSM scores across different peptides. Accordingly, we found that it is better to use a different, 

Tailor-like, normalization here. Specifically, analogously to Tailor we normalize scores for a 

given peptide to the 99th quantile for the peptide. This normalization boosts our power to detect 

target peptides because the scores are now calibrated between the peptide candidates for each 

mass spectrum (Algorithm 5). Note that this normalization is not optimal for peak-width 

detection because the additive constant that is added to each score tends to overly-smooth the 
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differences within each row making it difficult to find a uniform cutoff that will define the peak 

width as effectively as when using robust z-scores. 

Selection of optimal representatives 

One potential danger in searching DIA data is assigning the same set of fragment ions in 

a tandem mass spectrum to multiple peptide sequences that happen to share a number of 

theoretical fragment ions. Although this risk is mitigated by using the narrower 2-m/z isolation 

windows, there are still peptides that fall in the same m/z isolation window and share fragment 

ions. This issue is particularly relevant when searching for post-translationally modified peptides 

with multiple possible localization sites. In these cases, many possible localization isoforms may 

score highly when only one is truly present. To address this problem, we developed a greedy 

procedure designed to select the optimal representatives from groups of highly similar 

(potentially) co-eluting peptides. In the above scenario this means that similar, modified peptides 

are competing against each other and only the highest scoring modified peptide is retained. 

While one can determine the degree of similarity between two peptides by directly 

comparing their theoretical spectra, this would be a very time consuming job. Therefore, as an 

alternative we postulate that peptides with shared fragment ions will have highly correlated 

scores when matched against all tandem mass spectra, or equivalently across all retention times 

(Figure 5-6). Thus we can assess the similarity between two peptides 𝑝𝑖 and 𝑝𝑗 by determining 

the similarity between their corresponding rows of scores 𝑀𝑖 and 𝑀𝑗. More specifically, we look 

at the normalized dot product, or the cosine of the angle, between these two vectors. 
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Figure 5-6: Pairwise scatterplot with each point representing a single spectrum 

The peptides are identified as significantly correlated (left). On the right, the peptides are 

not significantly correlated. If the peptides on the left share more than 25% of their ions, 

the lower scoring peptide (y-axis) will be removed. 

In practice our procedure goes through the list of peptides sorted in decreasing order and 

for each considered peptide 𝑝𝑖, it removes all lower scoring peptides 𝑝𝑗 that (i) have overlapping 

elution profiles, as determined from the chromatographic peak width and boundary selection, (ii) 

have a statistically significant angle-cosine correlation relative to random peptides, and (iii) share 

at least 25% of theoretical fragment ions.110 This filtering process is applied separately to the 

target and decoy peptides and is described in detail in Algorithm 7. 

False discovery rate estimation 

Accurate FDR estimation is challenging for DIA data due to the presence of potentially 

chimeric tandem mass spectra. We aimed to create an FDR control method that will leverage the 

information provided by DIA data to increase power. Therefore, to control the FDR, we employ 

a multistep procedure that includes a novel target/decoy peptide competition (TDC) step. 

First, we select the maximum score and corresponding spectrum for each peptide. Then, 

we retain only the highest remaining scoring peptide for each tandem mass spectrum. Although 

DIA data contains chimeric spectra, it is unlikely that peptides in the same isolation window 
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share the same maximally matched spectrum, especially after representative selection. In a two 

hour gradient, we may collect over 150,000 spectra, but detect fewer than 10,000 peptides in 

most gas-phase fractionated DIA runs. Indeed, we find that using more than one peptide per 

tandem mass spectrum for FDR control actually reduces power at low false discovery rates 

possibly due to less-than-perfect score calibration (Figure 5-7). 

 

Figure 5-7: Plot of q-values when the top 𝑘 peptides are retained 

Here, the top 𝑘 scoring peptides for each spectrum are retained for FDR control. 

Although many DIA spectra are chimeric, it is rare that multiple “true” peptides would 

share the same optimally matching spectrum. Therefore, using a 𝑘 value of 1 does not 

seem to eliminate a significant number of peptide matches, rather it increases power 

presumably by culling some high scoring fake matches. The vertical line represents 1% 

FDR threshold. Left is full plot, right is zoomed in from 0-5% FDR. 

Each of the peptides remaining after the last step is associated with a score as well as a 

target/decoy label. While we can pool all of these remaining peptides together to do a standard 

TDC wherein at a given score threshold the ratio of decoys to targets is calculated,111 grouping 

peptides according to their chromatographic peak widths and applying TDC separately to each 

group yielded more discoveries in our analysis. Moreover, when considering PTMs, we can 

possibly further divide the groups according to the post-translational modification status of the 
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peptides, again followed by FDR control within each group using standard target/decoy 

procedures described in Algorithm 1. Using grouping in this way may allow for making more 

discoveries,112–114 but it can also be detrimental if some groups do not contain a sufficient 

number of peptides with high scores.115 Therefore, we advise using caution when a small number 

of high scoring targets are present in the data. In those cases, the use of groups may reduce 

discriminatory power by dividing an already low number of high scoring targets into even 

smaller groups. 

5.4 Methods 

Complete methods are discussed in Appendix E 

5.5 Results and discussion 

The proposed workflow increases sensitivity for detecting phosphorylated 

peptides relative to pseudo-spectrum approach 

To assess the ability of our workflow to detect post-translationally modified peptides by 

generating libraries in cases where spectral libraries are not readily available, we sought to detect 

phosphorylated peptides in DIA data from HEK 293T cells. While there are several methods for 

the detection of phosphorylated peptides in DIA data, most rely on the use of existing libraries.116 

Although there are high-quality spectral libraries available for phosphorylated peptides,117–119 that 

is not the case for many other post-translational modifications. 

As a reference point, we used DIA-Umpire37 as an alternative library-free approach. 

Specifically, pseudospectra were extracted using DIA-Umpire and searched using Tide (with 

Percolator used only for false discovery rate estimation). These results provide a proof-of-
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concept that our workflow offers a powerful alternative method for detecting PTMs directly from 

DIA mass spectrometry data. 

Overall, our direct search workflow detects more peptides at every confidence level 

relative to the DIAUmpire approach (Figure 5-8 A). At an FDR threshold of 1%, our workflow 

detects 1300 unique peptides while the DIA-Umpire approach detects 851 peptides. We observe 

overlap between the phosphorylated peptides detected by both searches at a 1% FDR (Figure 5-8 

B) although our workflow is able to detect many more unique peptides. These results suggest 

that our workflow is a viable alternative to other library-free methods for detecting PTMs in DIA 

data. 

 

Figure 5-8: Comparison of searches for phosphorylated peptides 

 (A) Plot of number of peptides detected at a given FDR threshold obtained by searching 

for doubly charged phosphorylated peptides using our workflow compared to a search 

with DIA-Umpire results with Tide and adjusting FDR with Percolator. (B) The 1% FDR 

threshold is indicated with a dashed vertical line. The number of peptides unique to each 
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search as well as those shared by both methods are also displayed at a 1% FDR 

threshold. 

One reason our workflow is more sensitive in detecting phosphorylated peptides than the 

pseudo-spectrum based approach (Figure 5-8 A) is that it is independent of signal in the 

precursor (MS1) spectra. Due to automatic gain control in trapping-type instruments, MS1 signal 

can be less sensitive than MS2.91,92 DIAUmpire and similar methods are optimized to detect 

peptides in wide-window DIA data where the MS2 signal may be less sensitive than it is with 

narrow isolation windows due to limits on total ion signal. Therefore, our workflow is more 

sensitive due to its ability to detect target peptides without an MS1 signal, while DIA-Umpire 

cannot. As further evidence of the differences in these methods, both methods detect a large 

number of unique peptides at 1% FDR (Figure 5-8 B). This finding suggests that the two 

methods use orthogonal methods to detect peptides. While the DIA-Umpire approach may be 

more sensitive in some cases, the fact that our workflow does not rely on MS1 signal helps it 

perform better for narrow-window DIA mass spectrometry data. 

Peptides detected with the proposed workflow are quantitatively accurate 

To ensure that our workflow is producing accurate results, we assessed the quantitative 

accuracy of peptides detected with our workflow compared to EncyclopeDIA, a peptide-centric 

method for peptide detection in DIA data.50 We created a library of all peptides detected with our 

workflow at 1% FDR in narrow window DIA data. We compared these results to a library 

generated by searching the narrow-window data in EncylopeDIA using a Prosit predicted 

library.100 We then used both libraries to search quantitative wide-window DIA data of 100% and 

50% yeast in YEPD media diluted with yeast grown in 15N media and compared quantitative 

accuracy of all peptides. 



 

 96 

In this analysis, we use the ratio of signal between the two datasets as “ground truth” to 

evaluate search accuracy. If a peptide is really present, we would expect to see a two-fold 

decrease in signal in the 50% sample relative to the 100% sample, which corresponds to a 

quantitative ratio of two. Peptides detected in both searches were highly accurate (Figure 5-9 B) 

with a median quantitative ratio of 2.14. Peptides unique to the library generated with the 

proposed workflow and the predicted library had median quantitative ratios of 2.02 and 2.31, 

respectively. 

The library created by our direct search detects similar, but slightly lower, numbers of 

quantitative peptides relative to a Prosit predicted library in the S. cerevisiae dataset (Figure 5-9) 

At 1% FDR, both searches have a high degree of overlap in quantitative peptides as determined 

by EncyclopeDIA (Figure 5-9 A). These two searches have much higher overlap than the 

previous analysis (Figure 5-8 B) because neither rely on MS1 signal. Although the Prosit library 

is able to detect 9% more quantitative peptides, the peptides unique to that search are less 

accurate than the peptides found in both searches and those unique to the direct search (Figure 5-

9 B). Therefore, the extra detections in the Prosit search may in part be due to a higher false-

positive rate. These results suggest that our search workflow compares favorably to using 

another popular library-free DIA search method, using EncyclopeDIA as a peptide-centric DIA 

approach to search a predicted spectral library. 
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Figure 5-9: Comparison of peptides detected in quantitative data 

Quantitative peptides were detected in the EncyclopeDIA search of wide-window DIA 

data using both a library generated from our workflow and a narrow-window calibrated 

Prosit predicted library. The overlap between peptides detected with both methods at a 

1% FDR threshold (A) is shown along with a normalized density plot of the observed 

ratio of the peptides in each group between an undiluted sample and a sample diluted 

50% (B). For the quantitative comparison, the expected ratio of 2 is shown as a dashed 

vertical line. 

We used a 1% FDR threshold to generate our library here, but one could also use a higher 

FDR threshold (Figure 5-10). However, the higher cutoff comes with an increased risk of false 

detections, and we therefore suggest using the conservative 1% threshold. We note that the 1% 

FDR cutoff library is highly efficient in the sense that we are detecting a much larger fraction in 

the EncyclopeDIA quantitative search than the narrow-window calibrated Prosit library (Figure 

5-10). At the same time this gives further evidence of the accuracy of our search. Based on this 
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comparison with a more conventional peptide-centric search approach, we have validated the 

performance of our proposed method. Not only are we able to detect similar numbers of 

peptides, but the peptides we detect are highly quantitatively accurate when spiked in at known 

ratios. Therefore, our search compares favorably to a library-based peptide-centric approach. 

 

Figure 5-10: Summary of the number of peptides in EncyclopeDIA runs using 

alternative libraries 

The figure summarizes the results of running EncyclopeDIA on the wide-window yeast 

DIA data using four different libraries: the first two runs used narrow-window yeast DIA 

data processed by our novel tool using a q-value cutoff of 0.01 and 0.5 to generate the 

library, and the third run used EncyclopeDIA’s ability to take advantage of the same 

narrow-window data to significantly reduce the initial Prosit-generated library. The last 

run used the full-size Prosit library of all possible tryptic peptides. 

5.6 Conclusions 

Here, we propose a library-free workflow to detect peptides in narrow-window DIA data 

without relying on MS1 signal. We address many of the issues in searching for PTMs in DIA 

data, including the reliance on a spectral library. Existing spectral libraries may not contain all 
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relevant peptides and may not be available for all PTMs. Additionally, spectral and retention 

time prediction methods are not trained for many PTMs. Our method is able to detect PTMs 

from narrow-window DIA mass spectrometry data to create libraries that may be used for 

quantitative DIA mass spectrometry analysis. 

The gas-phase fractionated DIA data used here could easily be collected in almost any 

experiment with minimal sample use and instrument time compared to deep-fractionation DDA-

based libraries. These results show that this type of search is a promising avenue for future 

development, but it will require computational adjustments to become readily useable for many 

applications. While DIA has many advantages over DDA methods, its uses can be limited by 

computational hurdles. Researchers wishing to study non-model organisms and/or specific post-

translational modifications may be unable to rely on many existing tools and spectral libraries. 

Therefore, this type of search workflow is crucial for moving the field forward and making DIA 

accessible to a broader range of applications. 

6  Future Directions 

Mass spectrometry-based proteomics has become mainstream over the past several 

decades due to its versatility and power. However, poor reproducibility and an emphasis on 

number of identifications rather than quantitative performance still limit the field. Systematic 

data acquisition strategies have the potential to improve the quality of measurements and 

ultimately lead to previously unattainable biological discoveries. This dissertation explores 

several such systematic data acquisition and analysis strategies and demonstrates their 

quantitative power. However, for such systematic strategies to be more widely implemented, 

future work should focus on making these methods more accessible to average users. Easily 
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accessible, open source user interfaces to create, run, and analyze methods are critical for the 

future of the field. We hope that the results presented here provide compelling evidence for the 

benefits of investing in infrastructure to implement these systematic acquisition and analysis 

methods on a wider scale. 

Appendix A  Supplementary methods for Chapter 2 

Sample preparation and mass spectrometry 

Sample preparation 

A 50:50 mix of female and male  pooled human plasma from Golden West Biologicals 

was created (Lot # MSG11500F and MSG11500M).  Both the pooled human plasma and chicken 

serum (Cat #SC30 Lot #190509-0130, Equitech-Bio, Inc.) were split into aliquots containing 

approximately 300 μg of total protein. Both aliquots were reduced, alkylated, and digested with 

trypsin using S-Trap Mini sample preparation kit (ProtiFi) according to manufacturer 

guidelines.120 The digested samples were diluted to a concentration of approximately 0.1 mg/mL 

with 0.1% formic acid in water with Pierce Peptide Retention Time Standard (PRTC) (Thermo 

Fisher Scientific) at a concentration of 0.4 nmol/mL. A dilution series was prepared by diluting 

the human plasma digest in the chicken serum digest at 11 different dilution points of 0, 0.5, 1, 3, 

5, 7, 10, 30, 50, 70 and 100% human plasma (Appendix Table 1). 

Appendix Table 1: List of points on the dilution curve 

List of points on the dilution curve. Dilution curve was made up of 11 points, with more 

points at low concentration to get more accurate lower limits of quantitation 

Label % Human % Chicken 
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A 0 100 

B 0.5 99.5 

C 1 99 

D 3 97 

E 5 95 

F 7 93 

G 10 90 

H 30 70 

I 50 50 

J 70 30 

K 100 0 

Liquid Chromatography-Mass Spectrometry 

LC-MS/MS analysis was performed with a Thermo Easy-nanoLC coupled to a Thermo 

Orbitrap Eclipse Tribrid Mass spectrometer. Peptides were separated using an in-house 

manufactured column created by pulling 75 μm inner diameter fused silica capillary 

(TSP075375, Molex) to an approximately 5 µm ID tip using a Sutter Instruments CO2 laser 

based micropipette puller. The pulled tip capillary was packed with 30 cm of 3 μm ReproSil-Pur 

C18 beads (Dr. Maisch GmbH) using an in-house developed pressure bomb with high pressure 

helium gas. The trap column consisted 150 μm inner diameter fused silica capillary (TSP150375, 

Molex) fritted on one end with Kasil and packed with 4 cm of 3 μm ReproSil-Pur C18 beads (Dr. 

Maisch GmbH). Mobile-phase A was 0.1% formic acid in water and mobile-phase B was 0.1% 

formic acid in 80% acetonitrile. Peptides were separated with reversed-phase liquid 

chromatography over a 90 minute gradient from 0 to 40% B followed by a 5 minute ramp to 75% 

B, a 5 minute hold at B, and an additional 15 minute wash at 100% B. 
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Data for the chromatogram library were acquired previously using the same 

chromatography setup coupled to a Thermo Lumos Tribrid Mass spectrometer. Tandem mass 

spectrometry data were acquired in 6 gas-phase fractions with 4-m/z staggered data independent 

acquisition (DIA) windows as described in detail by Pino et al. (2020).72 Retention time 

calibration was performed on the Eclipse with the same LC method using 8-m/z staggered DIA 

window isolation scheme described previously.72 

Parallel Reaction monitoring 

         All parallel reaction monitoring experiments were performed using one of four methods. 

The four methods can be distinguished based on the following characteristics (analyzer, 

quadrupole precursor isolation width): linear ion trap, 0.7 Th; linear ion trap, 1.7 Th; Orbitrap, 

0.7 Th; and Orbitrap, 1.7 Th. Each method featured a standard MS1 scan and a set of targeted 

MS2 scans, all acquired with the same mass analyzer. The same target list with scheduled 

acquisition was used in all methods, and scheduling was adjusted throughout the experiment to 

account for retention time drift. For MS2 acquisition, all methods used standard AGC target, 

dynamic maximum inject time with 20 desired points across the expected peak width of 40 s. 

Fragmentation occurred in the ion routing multipole using HCD with normalized collision 

energy of 30%. When the linear ion trap was used, MS2 were acquired using turbo scans 

covering a mass range of 150–1250 m/z.  The Orbitrap methods collected MS2 spectra at 15,000 

resolution covering a range of 150–2000 m/z. 

Replicate injections of human plasma digest 
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         To assess technical precision, 3 μL of the same vial of 100% human plasma digest was 

injected in five separate replicates. Each replicate consisted of four total injections, one injection 

using each of the four methods, run in a random order. 

Matrix-matched calibration curve 

         The calibration curve was created by acquiring three replicates of each dilution point 

(Appendix Table 1) in both the linear ion trap and Orbitrap both using only the 1.7 Th precursor 

isolation width. Data were acquired starting with the lowest dilution point, running one injection 

each in the linear ion trap and Orbitrap, then moving to the next lowest dilution point until the 

full curve was run. Following a quality control run, the process was repeated for a total of 3 

replicates. The order of linear ion trap and Orbitrap acquisition was randomly assigned for each 

replicate of each dilution point. 

Data availability 

         The raw MS files, EncyclopeDIA .elib file, and all Skyline documents are available have 

been deposited in the ProteomeXchange consortium121 (identifier PXD023334) via Panorama 

Public122 (https://panoramaweb.org/qLITvsqOT.url).  

Data processing and analysis 

Library creation and refinement 

         A chromatogram library was created by searching gas-phase fractionation DIA data 

against the Pan-Human library49 in EncyclopeDIA (v 0.9.0),50 using a method that has been 

described in detail previously.72 The chromatogram library was loaded into Skyline (v 

20.2.1.315)123,124 along with the 8-m/z DIA data collected for this experiment demultiplexed and 

https://panoramaweb.org/qLITvsqOT.url
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converted to mzML format in MSConvert (Proteowizard, V 3.0.20239).125 From these data, the 

five most abundant peptides were selected for each protein, and the remaining peptides were 

filtered for a high dotP, high retention time correlation with the chromatogram library, and 

minimal interference. Preference was given to peptides from plasma proteins that have been 

previously identified for their role in monitoring human wellness 

(https://panoramaweb.org/Passport).51 The isolation list of all 432 peptides plus 14 PRTC 

peptides was scheduled with a 5 minute retention time window (Figure 2-3). As PRM data were 

acquired, results were loaded into Skyline and used to adjust scheduling windows as needed.  

Data parsing 

         Raw files from the PRM run were imported into Skyline Daily (v 20.2.1.315)123,124 for 

peak detection, integration, and visualization. Runs using the linear ion trap were integrated 

using a tolerance of +/- 0.7 m/z, while the Orbitrap was processed with a tolerance of 20 ppm. 

Peak picking was manually refined for all data files, and area under the curve abundance was 

obtained for each peptide. For the replicate injection experiment, all peptide abundances were 

normalized to the median signal of the run. For the matrix-matched dilution curve runs, peptide 

abundances were normalized to the global standards (PRTC peptides). Thirty-seven peptides that 

were observed to have truncated peaks in one or more of the matrix-matched dilution curve runs 

or to be present in the chicken digest were removed from this analysis. Area under the curve data 

were exported from Skyline, and analyzed in R (v 3.6.1) and Python (v 3.8.2).  Lower limits of 

quantitation (LLOQs) were calculated for each peptide in each analyzer from the dilution curve 

data using the method described by Pino et al. (2020).56 The code used for analysis and figure 

generation is available on Github (https://github.com/uw-maccosslab/iontrap_vs_orbitrap). 

https://panoramaweb.org/Passport
https://github.com/uw-maccosslab/iontrap_vs_orbitrap
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Transition refinement to optimize limit of quantitation 

         A list of areas under the curve for all singly charged b- and y- ions beyond the second 

residue were exported from Skyline. For each peptide and each mass analyzer, the optimal set of 

transitions was determined independently as follows. First, the LLOQ was calculated for all 

transitions separately using the method developed and described in detail by Pino et al.56 The 

LLOQ was then calculated for the summed area of the four transitions that had the lowest 

LLOQ, which constituted the initial accepted transition set. Then, the LLOQ was calculated for 

the accepted transition set and each of the remaining transitions. Each additional transition that 

lowered the LOQ was added to the accepted transition set. Finally, the refined LLOQ was 

recalculated with the full set of transitions. 

Appendix B  Supplementary methods for Chapter 3 

Cell Culture 

HeLa S3 cells were cultured in DMEM/10% FBS, with stable isotope labeling performed 

according to manufacturer instructions using the Thermo Scientific™ SILAC™ Protein 

Quantitation Kit (Catalog A33972, Thermo Fisher Scientific). Briefly, cells were exchanged into 

DMEM (supplemented with Penicillin-Streptomycin and Thermo Scientific™ GlutaMAX ™ 

containing either unlabeled L-lysine and L-arginine, or the same supplemented DMEM 

containing 13C6 15N2 L-lysine and 13C6 15N4 L-arginine for SILAC labeling. Labeling was 

performed over 8 doublings and cells were then harvested at ~85% confluence and pelleted by 

centrifugation. 
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Matrix-matched calibration curve sample preparation 

Both SILAC labeled and unlabeled HeLa cell lysates were prepared using protein 

aggregation capture.126,127 Briefly, cell pellets were lysed with probe sonication in a lysis buffer 

containing 2% SDS. A Pierce BCA assay (Thermo Fisher Scientific) was used to estimate 

protein concentration and dilute lysates to a final concentration of 2 µg/µL in 1% SDS. 

Following reduction in 20 mM dithiothreitol and alkylation in 40 mM iodoacetamide, both 

samples were diluted to 70% acetonitrile and bound to MagReSyn Hydroxyl particles (ReSyn 

Biosciences) at a ratio of 100:1 (beads to protein). Subsequent washing was performed on a 

magnetic rack, with three washes in 95% acetonitrile followed by two washes in ethanol. 

Following the final wash, trypsin (in 50 mM ammonium bicarbonate) was added at an enzyme to 

protein ratio of 1:33. Samples were digested at 47˚ C for 4 hours, eluted from the beads and dried 

down via vacuum centrifugation. The digests were resuspended at a concentration of 200 ng/µL 

in 0.1% formic acid, Pierce peptide retention time calibration mix (PRTC) was spiked in to a 

final concentration of 5 pmol/µL, and digests were combined to form the following dilutions 

(X% unlabeled in (100-X)% heavy-labeled): 0, 0.5, 1, 5, 10, 25, 50, 70, 100%. 

Plasma preparation and membrane particle enrichment 

An enriched membrane particle fraction was prepared from plasma using Mag-Net, a 

magnetic bead-based protocol developed by Wu et al. (forthcoming). Plasma particle enrichment 

and protein aggregation capture126,127 steps were performed on a Thermo Scientific™ KingFisher 

Flex. Briefly, HALT cocktail (protease and phosphatase inhibitors, Thermo Fisher Scientific) 

was added to 100 µL plasma and then mixed 1:1 by volume with Binding Buffer (BB, 100 mM 

Bis-Tris Propane, pH 6.3, 150 mM NaCl).  MagReSyn® strong anion exchange beads (ReSyn 
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Biosciences) were first equilibrated 2 times in Equilibration/Wash Buffer (WB, 50 mM Bis Tris 

Propane, pH 6.5, 150 mM NaCl) with gentle agitation and then combined in a 1:4 ratio (volume 

beads:volume starting plasma) with the plasma:BB sample for 45 minutes at room temperature. 

The beads were washed with WB 3 times 5 minutes with gentle agitation. The enriched 

membrane particles on the beads were then solubilized and reduced in 50 mM Tris, pH 8.5/1% 

SDS/10 mM Tris (2-carboxyethyl) phosphine (TCEP) with 800 ng enolase standard added as a 

process control. Following reduction, the plate was removed from the Kingfisher Flex.  Samples 

were alkylated with 15 mM iodoaceamide in the dark for 30 minutes and then quenched with 10 

mM DTT for 15 minutes.  Total unfractionated plasma (1 µL) was prepared in parallel 

(reduction, alkylation, and quenched) and added to the Kingfisher plate as a control for 

enrichment.  The samples were processed using protein aggregation capture with minor 

modifications.126,127  Briefly, the samples were adjusted to 70% acetonitrile, mixed, and then 

incubated for 10 minutes at room temperature to precipitate proteins onto the bead surface.  The 

beads were washed 3 times in 95% acetonitrile and 2 times in 70% ethanol for 2.5 minutes each 

on magnet. Samples were digested for 1 hour at 47 ˚C in 100 mM ammonium bicarbonate with 

Thermo Scientific™ Pierce™ porcine trypsin at a ratio of 20:1 trypsin to protein. The digestion 

was quenched in 0.5% formic acid and spiked with Pierce Retention Time Calibrant peptide 

cocktail (Thermo Fisher Scientific) to a final concentration of 50 fmol/µL. Peptide digests were 

lyophilized and stored at -80°C.  

Liquid Chromatography-Mass spectrometry 

All data were acquired using a Thermo Scientific™ Vanquish™ Neo UHPLC system 

coupled to an Orbitrap Astral mass spectrometer with a Thermo Scientific™ Easy-spray™ 

source. Data were acquired in data independent acquisition mode with a normalized collision 
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energy of 25% and a default charge state of 2. A 110 cm Thermo Scientific™ µPac™ Neo 

HPLC column was used for the quantitative experiments with a 24-minute gradient of from 4 to 

45% B and a flow rate of 750 nL/min. For plasma experiments, a two step 30 or 60 minute 

gradient at 750 nL/min from 4 to 45% B was used on a 110 cm µPac Neo HPLC column. Mobile 

phase A was 0.1% formic acid in water, and mobile phase B was 80% acetonitrile and 0.1% 

formic acid in water. For Orbitrap experiments, MS1 spectra were acquired in the Orbitrap every 

0.6 s at a resolution of 30,000, and MS/MS spectra were acquired in the Orbitrap at 15,000 

resolving power with a maximum injection time of 23 ms. For the Orbitrap Astral MS 

experiments, MS1 spectra were acquired in the Orbitrap at a resolving power of 240,000 every 

0.6 s, and MS/MS spectra were acquired in the Astral analyzer with varying injection times. In 

all MS/MS experiments, DIA precursor isolation windows spanned 380-980 Th unless noted 

otherwise. The MS1 mass range was the same as the MS/MS precursor range. All experiments 

besides chromatogram libraries were acquired in triplicate.  

For the chromatogram library runs, the same parameters were used in both the Orbitrap 

and the Astral, with 6 gas phase fractions each spanning a 100-Da range with 4 Da isolation 

windows and a 23 ms maximum injection time. For the dilution curve, data were acquired from 

low concentration to high concentration, completing one replicate from each method before 

running a blank and starting the second replicate at the lowest concentration. Raw data files, 

EncyclopeDIA search results, and all Skyline documents have been deposited in the 

ProteomeXChange Consortium (identifier PXD042704) via Panorama Public 

(https://panoramaweb.org/AstralBenchmarking.url). 

A reference dataset from Heil et al, 202269 acquired with the Orbitrap was used. Briefly, 

the dataset was acquired using the Orbitrap mass analyzer on a Thermo Scientific™ Orbitrap 
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Fusion Lumos™. Separation was performed with a 30 cm packed column attached to a Thermo 

Scientific™ EASY-nano™ LC across a two-step 90-minute gradient from 0 to 75% B at a flow 

rate of 300 nL/min. Mobile phase A was 0.1% formic acid in water, and mobile phase B was 

80% acetonitrile and 0.1% formic acid in water. MS/MS spectra were acquired in the Orbitrap at 

15k resolving power and a 22 ms maximum injection time using 8 Th isolation windows 

spanning a mass range from 400-1000 Th. 

Dynamic data independent acquisition method development 

A single injection on Astral was analyzed with EncyclopeDIA using the Pan-Human 

library49 to create a preliminary list of peptides in the sample. Then, dynamic DIA boundaries 

were selected as described by Heil et al. (2022)69 to maximize the number of peptides covered in 

a 300 Th mass range with either 2 or 4 Th isolation windows. In dynamic DIA, the 300 Th mass 

range that contains the highest peptide feature density is divided into equal isolation windows. 

This mass range is adjusted across time while the number and size of isolation windows remains 

the same (Figure 3-2 C). 

Data analysis 

Prior to searching, raw files were converted to mzMLs using Proteowizard MSConvert 

(from ProteoWizard release 3.0.22335).125 For each experiment, a chromatogram library was 

generated by searching the 6-fraction chromatogram library runs against a Prosit100 predicted 

spectral library in EncyclopeDIA (v 3.0.0).50 Then, the quantitative DIA runs were searched 

against the appropriate chromatogram library in EncyclopeDIA with V2 scoring enabled and 

adjust inferred retention time boundaries set to true, and the quantitative results were loaded into 

Skyline (version 22.2.1.335)123 for protein grouping and subsequent analysis. Orbitrap data were 
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searched and integrated with a 10 ppm mass tolerance, Astral data were searched with 10 ppm 

mass tolerance and integrated with 25 ppm mass tolerance to account for space charging at the 

apex of the peak. Conversion to mzML and importing into Skyline were done using the 

ProteoWizard Docker image available on Docker Hub at “ proteowizard/pwiz-skyline-i-agree-to-

the-vendor-licenses:3.0.22335-b595b19”. Encyclopedia was run in a Docker image available 

Docker Hub at “mriffle/encyclopedia:3.0.0-rc.3”. 

For the HeLa dilution curve, all 27 quantitative runs for a given method (3x 9 dilution 

points) were searched together in EncyclopeDIA and integrated in Skyline without any 

normalization. A version of Skyline that can refine transitions to give the best lower limit of 

quantification. This feature will be available in future Skyline releases. Peak areas and lower 

limits of quantification were exported from Skyline for further analysis.  

For plasma data, all six (3x total plasma and 3x enriched plasma) were searched together 

in EncyclopeDIA and imported into Skyline for quantification. TIC normalized peak areas were 

exported from Skyline and used for subsequent analysis. 

Appendix C  Supplementary methods for Chapter 4 

Cell Culture 

HeLa S3 cells were stable isotope labeled with SILAC using the Thermo Scientific 

SILAC Protein Quantitation Kit with DMEM (Catalog A33972, ThermoFisher Scientific) as 

recommended by the manufacturer.  Briefly, cells were cultured in DMEM/10% FBS and then 

exchanged into DMEM (for SILAC) containing either 13C6 15N2 L-lysine and 13C6 15N4 L-

arginine or unlabeled L-lysine and L-arginine and 10% dialyzed FBS in 80 cm2 flasks.  Media 
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was also supplemented with Penicillin-Streptomycin and GlutaMAX (Thermo Scientific).  Cells 

were labeled for 8 cell doublings by maintaining log phase growth by exchanging labeled media 

and splitting as necessary.  After washing with PBS, cells from each flask were harvested at 

~85% confluency and pelleted by centrifugation at 1500 x g for 10 min.  Cell pellets were stored 

at -80°C. 

Sample Preparation 

 The cell lysates were prepared using an automated single pot solid phase sample 

preparation (SP3) protocol.126  Briefly, cell pellets were lysed in 2% SDS with 10 seconds of 

probe sonication. Total protein concentration was estimated using a Pierce BCA assay (Thermo 

Fisher Scientific) and 1% SDS solution was added to bring the final concentration to 

approximately 4 μg/μL. Proteins were reduced in 20 mM dithiothreitol and alkylated in 40 mM 

iodoacetamide. Following reduction and alkylation, each sample was diluted to 70% acetonitrile 

and bound to MagResyn Hydroxyl particles (Resyn Biosciences) at a ratio of 100:1 (beads to 

protein) for a total of 10 minutes. 

Subsequent washing and digestion steps were performed on a Kingfisher Flex (Thermo 

Fisher Scientific). The samples were washed three times in 95% acetonitrile and twice in ethanol. 

Then, samples were digested with trypsin in 50 mM ammonium bicarbonate at an enzyme to 

protein ratio of 1:25. The peptide samples were dried down via vacuum centrifugation and 

resuspended in 0.1% formic acid. A dilution curve was made by diluting the normal digest in the 

SILAC labeled digest with an equal amount of Pierce Peptide Retention Time Calibration 

standard (Thermo Fisher Scientific) spiked into each sample. A total of 11 dilution points were 
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made, consisting of the following fractions of normal digest: 0, 0.5, 1, 3, 5, 7, 10, 30, 50, 70, and 

100%. 

LC-MS/MS analysis 

LC-MS/MS analysis was performed with a Thermo Easy-nanoLC coupled to a Thermo 

Orbitrap Lumos Tribrid mass spectrometer run in development mode. Peptide separation was 

performed with an in-house manufactured column consisting of 75 μm inner diameter fused 

silica capillary (TSP075375, Molex) pulled to an approximately 5 μm tip using a CO2 laser-

based micropipette puller (Sutter Instruments). The capillary was packed to a final length of 30 

cm with 3 μm ReproSil-Pur C18 beads (Dr. Maisch GmbH) using an in house-built pressure 

bomb with high pressure helium gas. A trap column was created by packing a 150 μm inner 

diameter fused silica capillary (TSP150375, Molex) fritted on one end with Kasil with 

approximately 3 cm of 3 μm ReproSil-Pur C18 beads (Dr. Maisch GmbH). Mobile phase A was 

0.1% formic acid in water and mobile phase B was 0.1% formic acid in 80% acetonitrile. Peptide 

separation was performed via reversed-phase liquid chromatography over a 90 minute gradient 

from 0 to 40% B followed by a 5 minute ramp to 75% B and a 5 minute hold at 75% B. 

Data for the chromatogram library were acquired on the instrument setup prior to 

quantitative runs. Tandem mass spectra were acquired in 6 gas-phase fractions with 4-m/z 

staggered DIA windows as described in detail by Pino et al. (2020).72 After the library was 

acquired, a retention time alignment run was performed, using the dynamic DIA method 

described below without any retention time alignment. This run was preprocessed and used to 

align all future dynamic runs. 
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For quantitative analysis, two separate DIA methods were used: a traditional static 

method and a dynamic DIA method. The traditional static DIA method consisted of one MS1 

spectrum followed by a set of MS2 spectra acquired at 15k resolving power with 8-m/z isolation 

windows covering a span of 400-1000 m/z. The dynamic DIA method began with the same MS1 

spectrum covering the full 400-1000 m/z range. In addition, it included a set of alignment DIA 

spectra acquired in the linear ion trap with 20-m/z isolation windows. These spectra were used to 

align the next set of high-resolution spectra to a reference run that was acquired immediately 

after chromatogram library acquisition. This third set of spectra consisted of 8-m/z isolation 

windows at 30k resolving power, covering a variable m/z range of approximately 300 m/z. Based 

on the retention time alignment, the exact m/z positioning of these spectra was adjusted over 

time. The bounds of these spectra were optimized as described below.  

The matrix-matched calibration curve was acquired by injecting each dilution point 

twice, acquiring once with the static DIA method and a second time with the dynamic method. 

The curve was run from low concentration to high concentration, switching the order of the DIA 

methods for each point. In total, three replicates of the curve were acquired for both DIA 

methods. 

Raw data files, EncyclopeDIA search results, and all Skyline documents have been 

deposited in the ProteomeXChange Consortium (identifier PXD038508) via Panorama Public 

(https://panoramaweb.org/dynamicDIA.url).  

Chromatogram library creation 

A chromatogram library was created by analyzing the gas phase fractionated DIA data in 

EncyclopeDIA (v 1.4.10).50 Each fraction was searched against a Prosit predicted library100 

https://panoramaweb.org/dynamicDIA.url
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generated from the human Uniprot database. A detailed description of this process is provided by 

Pino et al. (2020).72 The resulting chromatogram library was exported for downstream analyses. 

Selection of dynamic DIA windows 

To optimize the window boundaries for the dynamic DIA window, a maximization 

method was used. The code to do so is available on GitHub, and the process is described 

conceptually here. First, the window span was determined based on the instrument acquisition 

rate, desired isolation width, and desired points across the peak. At 30k resolving power, the 

instrument acquisition rate is 14.6 Hz.  To acquire 10 points across LC peaks that are on average 

25 seconds wide at the base requires a cycle time of 2500 msec; therefore, there is time for at 

most 2.5 s * 14.6 Hz = 36 acquisitions per cycle.  Using 8-m/z isolation windows means that a 

300-m/z span can be measured with these 36 acquisitions. Similarly, at 15k resolving power, the 

acquisition rate is 27 Hz, allowing for an optimal 2.5 s*27 Hz = 68 acquisitions per cycle. With 

8-m/z static windows we can cover the 600-m/z span in 75 windows, meaning some peptides may 

have fewer points across the peak but we do not anticipate this impacting quantification. To 

create the dynamic DIA method, all of the features in the chromatogram library were binned by 

retention time and m/z. For each time bin, the m/z range that covers the most detectable features 

from the chromatogram library was selected. These window boundaries with scheduling were 

uploaded directly into the instrument method for the dynamic DIA setting. 

Real time alignment 

Real time retrospective retention time alignment was performed by the instrument as 

described by Remes et al. (2020).31 Briefly, the retention time shift relative to a reference run is 

determined based on the average cross correlation of a set of high-speed DIA spectra acquired in 
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the linear ion trap in a reference run relative to the current run. The retention time shift is used to 

determine the active targets and acquire data for these targets. In this case, rather than specific 

scheduled peptide targets, scheduled DIA windows were used. The DIA spectra were listed as 

targeted MS2 spectra with specific retention time windows, thus the execution of this method is 

the same as described in the original publication.  

Data processing 

 Data were searched with EncyclopeDIA (v 1.2.2)50  using the protocol described by Pino 

et al. (2020).72 All quantitative files were searched against the sample-specific chromatogram 

library and filtered for peptides at 1% FDR with at least three quantitative transitions to generate 

a new quantitative chromatogram library. Using the quantitative library for each method 

respectively, quantitation was performed in Skyline,123 and the areas under the curve for each 

peptide were used for quantitation. Lower limits of detection and quantitation were determined 

using a bootstrapping method.56 Further analysis of the results was performed in R. Analysis 

code is available on GitHub,https://github.com/uw-maccosslab/dynamic-DIA.  

Appendix D  Supplementary algorithms for Chapter 5 

Appendix Table 2: Notation used for search algorithm equations 

𝑎𝑙𝑙𝑆 set of MS2 spectra structured as a list of arrays, one for each isolation window 

𝑎𝑙𝑙𝐷 database of all possible peptides (where each peptide is a specific peptide/charge state combination) structured 

as a list of arrays, each corresponding to one isolation window 

𝐷 database of all possible peptides within a single precursor isolation window 

𝑆 all MS2 spectra associated with a single precursor isolation window 

𝑃 all possible peptides associated with a single isolation window 

𝑚 number of peptides 

𝑛 number of MS2 spectra 

https://github.com/uw-maccosslab/dynamic-DIA
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𝑝𝑖 a single peptide 

𝑠𝑗 a single MS2 spectrum 

𝑀𝑖,𝑗 score assigned to the match between peptide 𝑝𝑖 and spectrum 𝑠𝑗 

𝐴 vector of changepoints 

𝑝𝑒𝑎𝑘 an m-dimensional structure array which stores the following information for each peptide: the maximally 

matching spectrum (𝑝𝑒𝑎𝑘.𝑚), the corresponding score (𝑝𝑒𝑎𝑘.𝑠), the width of the peak 

(𝑝𝑒𝑎𝑘.𝑤), and its left and right boundaries (𝑝𝑒𝑎𝑘.𝑙, 𝑝𝑒𝑎𝑘.𝑟) 

𝑇𝐷𝑝𝑎𝑖𝑟𝑠 a data structure containing target/decoy pairing information 

𝑔𝑟𝑜𝑢𝑝𝑠 desired grouping designations for FDR control 

𝑖𝑠𝑇𝑎𝑟𝑔𝑒𝑡 a logical vector indicating the target/decoy status of each peptide in the isolation window 

𝐼𝑝 indices of considered peptides 

𝜏 acceptance threshold 

𝑎𝑙𝑙𝐺𝑟𝑜𝑢𝑝𝑠 desired grouping aggregated across all precursor isolation windows 

𝑎𝑙𝑙𝐼𝑠𝑇𝑎𝑟𝑔𝑒𝑡 target/decoy identification aggregated across all precursor isolation windows 

𝑎𝑙𝑙𝑆𝑐𝑜𝑟𝑒𝑠 assigned peptide scores aggregated across all precursor isolation windows 

𝑎𝑙𝑙𝑃𝑠 IDs of all considered peptides aggregated across all precursor isolation windows 

𝑞𝑣𝑎𝑙𝑢𝑒 q-values of all considered target peptides aggregated across all precursor isolation windows 
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Algorithm 1: DIA analysis 
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Algorithm 2: Database searching 

 

Algorithm 3: Changepoint detection 
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Algorithm 4: Chromatographic peak detection 
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Algorithm 5: Peptide score normalization 

 

Algorithm 6: Target/decoy competition 
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Algorithm 7: Selection of optimal representatives 

 

Appendix E  Supplementary methods for Chapter 5 

Data acquisition 

Here, we analyze a dataset from Pino et al. 2020,56 which is available through the 

ProteomeXChange Consortium121 with the dataset identifier PXD014815 and Panorama Public122 

at https://panoramaweb.org/ matrix-matched_calcurves.url. A second dataset enriched for 

phosphorylated peptides was generated for this project. All original data have been deposited to 

PRIDE Archive (http://www.ebi.ac.uk/pride/ archive) with the dataset identifier PXD029733. 
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Phosphorylated peptide enriched dataset 

The phosphorylated peptide dataset was acquired in house. HEK 293T cells were lysed 

by resuspending in lysis buffer (8 M Urea, 100 mM Tris pH 8.0, 100 mM NaCl) with Pierce 

protease and phosphatase inhibitors (Thermo Fisher Scientific). Lysates were incubated on ice 

for 30 minutes. Lysate protein concentration was measured with a Pierce BCA assay kit (Thermo 

Fisher Scientific). Lysates were reduced with 5 mM dithiothreitol (DTT) for 30 minutes at 55° C 

and alkylated with 15 mM iodoacetamide for 30 minutes in the dark, before being quenched with 

additional 5 mM DTT for 15 minutes. 

Lysates were digested on KingFisher Flex robot (Thermo Fisher Scientific) according to 

R2-P1 protocol described in Leutert et al., 2019.128 In brief, magnetic beads (MagReSyn Amine, 

ReSyn Biosciences ) were combined with lysates in a 96-well plate at a 10:1 w/w ratio of bead to 

protein. Ethanol was added to bead/lysate mixture to a final concentration of 70%. Samples were 

then washed by transferring beads to a wash plate containing 80% ethanol. This wash was 

repeated two more times. Proteins were digested by transferring beads to plate containing trypsin 

(1:50) and ammonium bicarbonate pH 8.2. Samples were incubated for 6 hours at 37° C. Beads 

were then removed and the remaining solvent was evaporated using vacuum centrifugation. 

Samples were enriched for phosphorylated peptides as described in Leutert et al.128 

In brief, peptides were enriched on KingFisher Flex using 25 𝜇L of 5% Fe3+ NTA 

magnetic beads (Cube Biotech) per 100 𝜇g of peptide. Samples were reconstituted in 80% 

acetonitrile (ACN), 0.1% trifluoroacetic acid (TFA) and incubated with beads for 30 minutes 

before being washed three times with 50% ACN, 0.1% TFA. Phosphorylated peptides were then 

eluted from beads with 50% ACN, 2.5% NH4OH. Phosphorylated peptides were then dried in a 

speed vacuum resuspended in 3% ACN 5% formic acid for LC-MS/MS analysis. 
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Data were acquired using on an Orbitrap Exploris 480 (Thermo Fisher Scientific) coupled 

to an Easy-nLC 1200 (Thermo Fisher Scientific). Peptides were separated on an in-house pulled 

100 𝜇m inner diameter C18 column packed with 30 cm of 3 𝜇m beads (Dr. Maisch GmbH) using 

a 90-min gradient from 3 to 32% ACN with 0.1% formic acid. Mass spectrometry was 

performed as DIA gas-phase fractions with six fractions. Each fraction covered a full MS scan 

range of 100 m/z from 400-1000 in total (400-500, 500-600, 600-700, 700-800, 800-900, 900-

1000). Full MS scans were acquired at 30,000 resolution with an AGC target of 100% and a 

maximum injection time of 100 ms. MS/MS spectra were acquired with staggered 4 m/z 

windows at 30,000 resolution, AGC target of 1000%, maximum inject time of 25 ms, and a HCD 

collision energy of 27%. 

Yeast dataset 

The S. cerevisiae dataset comes from Pino et al. 2020.56 From this dataset, a 

chromatogram library generated from data collected in 6 gas-phase fractions was used along with 

quantitative DIA data on three 100% and three 50% yeast samples. Briefly, yeast strains BY4741 

and S288C were cultured in both YEPD and 15N minimal media and harvested at mid-log phase. 

The cells were lysed, digested, and cleaned up using MCX . Dilutions were achieved by diluting 

cultures from the YEPD media in cultures grown in the 15N minimal media. 

For LC-MS/MS analysis, peptides were separated via reversed-phase liquid 

chromatography over a 90-minute gradient. Tandem mass spectrometry data were acquired using 

DIA performed on a Thermo QExactive HF Orbitrap mass spectrometer monitoring a mass range 

of 388.43190–1012.70480 m/z using normalized collision energy of 27 with assumed charge 

state of +2. Gas-phase fractionated “narrow-window” DIA data were acquired on a sample of 

yeast grown in YEPD media with the following parameters: 4 m/z staggered DIA windows, 
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30,000 resolution, 55 ms maximum inject time, and 1e6 AGC target. For the quantitative data, 24 

m/z overlapping DIA windows were acquired using the same resolution, maximum inject time, 

and AGC as the narrow-window DIA data. 

Data processing 

All raw files are preprocessed to demultiplex overlapping windows using ProteoWizard’s 

MSConvert (v3.0.1908) using vendor peak picking, overlap-only demultiplexing with a mass 

error of 10 ppm, and the “SIM as spectra” option turned on.125 All spectra are assigned possible 

charge states +1, +2, and +3. Database searches are performed in Crux Tide (v 3.2)104 using a 

precursor tolerance of 1.007 m/z and Tailor calibration.105 All searches include 

carbadomethylation of cysteine as a fixed modification and appropriate post-translational 

modifications or missed cleavages. All processing and analysis were performed in Python (v 

3.8.2) and R (v 3.6.1).  

Analysis of phosphorylated peptide-enriched dataset 

For the phosphorylated peptide search, the human reference proteome FASTA database 

was downloaded from Uniprot (UP000005640, https://www.uniprot.org/) in July of 2019. Prior 

to database searching, a Tide index was constructed by performing an in silico digestion of the 

FASTA with trypsin. The index contained fully tryptic peptides with no missed cleavages and 

exactly one variable modification of 79.966331 on serine, threonine, or tyrosine. Using this 

index, a Tide search of the phosphorylated peptide enriched DIA data was performed in Crux as 

described in the previous section. The results from this Tide search were processed according to 

the procedure described in Section 5-3. No groups were used for FDR estimation due to the 

small number of high scoring peptides in possible groups. 
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For DIA-Umpire analysis, pseudo-spectrum extraction was performed on demultiplexed 

mzXML files with DIA-Umpire (V2.0)37 using window-type MSX. A Tide search was 

performed on the resulting pseudo-spectra using the same index as the direct search with a 

precursor tolerance of 20 parts per million and a top-match of three. FDR estimation was 

performed using Crux Percolator129 with all default settings. Peptide-level q-values from this 

search were used for further analysis. 

Analysis of S. cerevisiae dataset 

The FASTA database for S. cerevisiae strain ATCC 204508 reference proteome was 

downloaded off of Uniprot (UP000002311, https://www.uniprot.org/) in September of 2020. A 

Tide index was constructed from the S. cerevisiae proteome using default settings for tryptic 

peptides. A Tide search was performed on the gas-phase fractionated yeast dataset56 with a top 

match of 10,000. All peptides with q-values below 1% were converted to SSL format and built 

into a spectral library using Bibliospec130 in Skyline. The spectral library .blib file was converted 

to an EncyclopeDIA-compatible format in EncyclopeDIA for later use to search quantitative 

DIA data. 

The predicted spectral library was made by generating a list of all fully tryptic 

unmodified peptides from S. cerevisiae in EncyclopeDIA and predicting their spectra using the 

Prosit pre-trained spectral prediction model accessed through the online server 

(https://www.proteomicsdb.org/prosit/).100 A chromatogram library was generated from the 

narrow window DIA data using EncyclopeDIA (v 0.9.0)50 with a normal target/decoy approach 

requiring at least three quantitative ions. All six gas-phase fractionated DIA runs were searched 

individually and combined in EncyclopeDIA to generate a chromatogram library .elib file. 
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Both the spectral library from our workflow and chromatogram library from the Prosit 

search were used to search quantitative wide-window DIA data in EncyclopeDIA.50 All six 

quantitative DIA mass spectrometry runs were searched against each library and the results were 

combined using the “Save Quant Reports” option in EncyclopeDIA. Peptides accepted at 1% 

EncyclopeDIA FDR with at least five quantitative transitions were used for quantitative analysis. 

Area under the curve data calculated by EncyclopeDIA was analyzed in R to assess fold-change 

abundances. 
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