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Systems Biochemistry of the Metaphase Spindle 
 
Abstract 

      Our research aims were motivated by a desire to understand the complexity of living self-

organized systems. We focused on microtubule-based systems in their entirety, and thus were 

led to mass spectrometry-based proteomics as our measurement approach of choice. We made 

multiple improvements to various aspects of this measurement pipeline. We developed a new 

quantitative proteomics measurement approach that has significantly better signal to noise 

(median of >100) than the previous state-of-the-art (~30). We also developed a novel 

computational approach for imputing missing values in large quantitative proteomics datasets. 

Our approach relies on coupling underlying biological covariation between samples with 

regularized regression. We also investigated the properties of matching acquired mass spectra 

to peptide sequences with database searches that varied widely in the size of the precursor 

mass error used. We found that using search spaces that are ~250 times larger than what is 

typically used confer multiple advantages and can increase the potential number of sequence 

matches by 20 to 35% in various datasets. We used advances in proteomics methodology from 

ourselves and others to do some biology. We used quantitative multiplexed proteomics to obtain 

a systems biochemistry view of microtubule based structures in cell free extracts from the model 

system X. laevis. By combining classical biochemical binding assays with modern mass 

spectrometry we were able to measure partition coefficients for microtubules and chromatin for 

thousands of proteins. In some cases, exchange rates and salt sensitivities or other proxies for 

affinity were also measured. We developed and used a rapid filtration approach to isolate 
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metaphase spindles directly from X. laevis extracts faithfully and measure their protein 

composition. 
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1.1 Self-organization of living systems 

We now have a nearly complete list of components constituting a cell. Typical human cells 

have 3e9 base pairs of DNA, ~3,000 small molecule metabolites (~500 are water soluble), and 

~20,000 coding genes (this number ignores splicing and depends on how you count). These 

coding genes give rise to ~20,000 proteins, which along with metabolites are the main building 

blocks of the cell. Proteins are present at an extremely wide range of absolute concentrations, 

ranging from 20 μM to <100 pM in a typical human cell. These proteins are typically at most a few 

nanometers in size but can form structures up to micrometers in size (a thousand times larger) 

that are extremely dynamic and essential for all eukaryotic life as we know it. Often these 

structures are formed not just by a single protein, but by dozens to hundreds of proteins acting 

together in concert. Many such structures of various sizes and shapes exist. Understanding how 

proteins self-organize into these structures in both space and time is one of several grand 

challenges to biologists.  

      Breakthroughs in molecular biology and biochemistry have led to the successful study of many 

of the ~20,000 proteins inside cells over the last seven decades, and a tremendous amount has 

been learned. Individual proteins such as tubulin can be coupled with nucleoside triphosphate 

hydrolysis to form systems with simple but profound dynamical properties. In the case of 

microtubules, which are polymers formed from tubulin dimers, growth and shrinkage of the 

polymer is coupled with the nucleotide state of GTP that is bound to tubulin dimer. Thus, four 

distinct molecules (two different proteins bound together as a dimer) and two different states of 

nucleoside (GTP and GDP) give rise to a dynamic polymer that is capable of growth and 

shrinkage. From a very simple system, a rich emergence of dynamical behavior is observed. 

Changes in the relative growth rates and shrinkage rates (as well as fraction of the microtubule 

population that is growing or shrinking) can be used to efficiently “search-and-capture” DNA 

during cell division and successfully distribute that DNA to daughter cells with high fidelity 
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(Kirschner, 1986). There are still outstanding questions for microtubule dynamics observed in vitro 

with pure tubulin such as the GTP/GDP state of tubulin dimer in different positions of the 

microtubule lattice. As more complex model systems were investigated, deviations between the 

dynamics observed with pure tubulin in vitro and microtubule dynamics in vivo were observed 

(Kinoshita, 2001). It was subsequently discovered addition of several proteins that bound to 

microtubules and altered their dynamics could be added in vitro to modulate the dynamics to 

match what is observed in vivo (Kinoshita, 2001). However, eukaryotic cells are extremely 

complex and appear to have a tremendous amount of redundancy encoded in them. In the case 

of microtubules, a microtubule associated protein can be removed and have devastating effects 

such as complete ablation of microtubule formation, but these effects can be completely rescued 

by addition of a different microtubule associated protein. Indeed, it is now known that there are 

over a hundred different proteins that physical associate to microtubules to a various degree in 

vivo and dozens of these proteins modulate microtubule dynamics. It is these proteins, their 

interactions with each other, and with microtubules, which give rise to the rich dynamics observed 

in vivo.  

1.2 Systems biology comes of age 

      Microtubules are just one of many complex dynamical systems in cell biology that are 

essential for eukaryotic life. Understanding such systems is likely not to be possible with a 

reductionist approach: sometimes the whole is more than the sum, and only so much can be 

learned by studying components individually. With dozens of dynamical systems being composed 

of complicated networks of hundreds to thousands of proteins, a subset of biologists founded the 

field of systems biology ~15 years ago (Kirschner, 2005). Systems biology endeavors to make 

quantitative measurements on much larger subsets of the components inside cells and integrate 

these measurements to obtain mechanistic understanding of principles that cannot be achieved 

by the study of individual components in isolation.  
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In the last 15 years significant progress has been made. Systematic studies of metabolites 

have begun to distinguish to what extent are the mechanisms of metabolic flux inside cells 

regulated by the substrates/products themselves, enzymes and/or allostery (Hackett, 2016). 

Chromosome capture methods have enabled the measurement of the spatial organization of 

chromatin in a cell and are revolutionizing our perspective of the nucleus and transcription (Dekker 

2002). The quantification of RNA species through micro-arrays (Gasch, 2000) and later RNA-

sequencing has enabled thousands of studies, and it is now routine and facile to measure and 

quantify >10,000 RNA species of biological samples in various conditions. More recently, single 

cell RNA-sequencing approaches have been developed and now allow for individual cell types to 

be distinguished and their heterogeneity measured. This enables lineage tracing of cell types 

(Weinreb, 2020) and is also able to identify small and rare subsets of cell types which either serve 

important biological roles and/or cause disease (Plasschaert, 2018). Despite this progress, the 

above methods rely on the quantification of either DNA, RNA, or small molecules, but not proteins. 

Comparatively, protein identification and quantification has lagged significantly behind. This is an 

outstanding problem.  

1.3 Lack of systems protein measurements is a major hindrance to a systems-level 

understanding of biology 

      In most cellular contexts, proteins are the workhorse molecules responsible for biological 

behavior. Despite their importance, system-wide quantitative measurement of proteins remains 

extremely challenging. Impressive pipelines to accurately measure subsets of molecules have 

been developing using various affinity reagents such as antibodies and aptamers (Lehallier, 

2019). These pipelines have the approach of being able to easily scale to thousands of samples, 

but they are specific to the molecules they have been designed for: they are typically not 

transferable to the same proteins in other species, other proteins from the proteome, or proteins 

that are post-translational modified. There is interest and hope in developing next generation DNA 
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sequencing-esque approaches for protein identification and quantification (Swaminathan, 2018). 

Despite their promise, these approaches are in their infancy. 

      The most promising general approach to system-wide protein identification and quantification 

is mass spectrometry based proteomics (Pappireddi, 2019). Despite the method’s promise, a 

number of technical shortfalls limit its practical use and availability. We will outline these shortfalls 

below in detail. Currently, system-wide proteomic measurements remain inaccessible and/or 

extremely challenging for most biologists. This has caused a major hindrance to scientific 

progress on a variety of important problems. In response, most systems biologists who work 

directly with proteins have chosen to trade quantity for quality, and typically do highly quantitative 

work on at most handful of proteins. Most studies typically focus on at most three to four, as that 

is what is possible to distinguish using different wavelengths with modern fluorophores and 

microscopes. We believe substantial scientific progress will be made using a “Systems 

Biochemistry” approach. Our thesis is that much of the rich, dynamical behavior of complex 

systems can only begin to be understood by making simultaneous quantitative measurements of 

all the proteins in the system. To accomplish this, significant improvements to current mass 

spectrometry based proteomics methods are needed. 

1.4 Current problems in mass spectrometry-based proteomics 

      Mass-spectrometry (MS) based proteomics has transformed from an insensitive technique 

that is capable of detecting at most a handful of proteins (Wilm 1996), to one that can typically 

detect 5,000 – 10,000 proteins depending on the protein composition and complexity of the 

sample. This progress is due to the culmination of numerous developments including electrospray 

ionization (Fenn, 1989), high-pressure liquid chromatography (Xiang 2003), improvements in ion-

mobility and mass isolation, high-accuracy mass analyzers such as the Orbitrap (Makarov, 2000), 

the availability of genome sequences (Lander, 2001), and improvements in computational 

algorithms (Eng, 2013).  
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      Most commonly, proteomics is done “bottom-up” on proteins that have been digested by 

proteases with known specificity into fragments called peptides (Pappireddi, 2019). A biological 

sample is taken, digested with a protease such as Trypsin, and the resulting peptides (~1,000,000 

unique species for a typical human cell) are separated by liquid chromatography, ionized into the 

gas phase of a mass spectrometer via electrospray ionization, and then subjected to a mass 

analyzer. The MS acquires an MS1 spectrum, which measures the intact mass to charge ratio 

(m/z) for all peptides that are above an observable threshold in a given m/z range. After 

determination of the charge state, this results in a highly accurate mass measurement of each 

peptide (reduces number of possibilities from ~1,000,000 to ~100 on average). The MS then 

acquires a subsequent MS2 spectrum for as many peptide species as possible during the run. In 

an MS2 spectrum, a single peptide species is isolated, and subjected to collision with inert gas at 

an energy level that most often results in the fragmentation of the amide bond between each 

amino acid in the peptide. In the ideal case, fragments of every length are produced and observed. 

By looking at the difference between the m/z of these fragments it is possible to determine the 

sequence of the peptide, which can then be mapped back to the protein. This is typically 

accomplished by individually analyzing as many peptides observed in the MS1 as possible.  

      Most biological experiments require the analysis of multiple samples. In the case of MS based 

proteomics, analysis of multiple samples can be problematic. If the same exact sample is 

subjected to two identical rounds of analysis only ~70% of peptide species mapping to ~92% of 

protein species will be measured in both samples. This highlights two separate problems that are 

always encountered: 1) lack of sensitivity and 2) the creation of missing values. This renders 

many experimental designs of interest (biochemical studies of affinity/kinetics, differential drug 

response in biological specimens etc.) which require many conditions implausible. Further, the 

quantitative precision that is obtained with traditional analysis of individual samples is poor, and 

coefficients of variation (CV) between replicates are on the order of ~20% (Sonnett, 2018).  
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Missing values can be reduced and measurement precision improved by the multiplexing of 

samples with isobaric barcodes (Sonnett, 2018). These methods allow up to 16 samples of 

interest to be barcoded, combined and analyzed simultaneously (Thompson, 2019). The peptides 

from all samples are indistinguishable in the MS1 because the barcodes all have the same mass. 

However, upon isolation and fragmentation of the peptide to determine its sequence, the barcodes 

are also fragmented and become distinguishable due to clever arrangement of heavy isotopes. 

While they typically have significantly better precision (median CVs of ~2%), measurements using 

the low m/z reporter ions often have low signal to noise measurement due to simultaneous co-

isolation of peptides other than the peptide of interest. The signal to noise can be improved with 

an additional round of fragment isolation and fragmentation, but requires expensive 

instrumentation that is not widely available (Pappireddi, 2019). Thus, a third major problem is 

improving the measurement quality of quantitative multiplexed proteomics and creating a method 

that is compatible with a wider array of mass spectrometers.  

1.5 Using quantitative proteomics to study the metaphase spindle, an archetype of 

a self-organized system 

      Recent developments in quantitative multiplexed proteomics enable the measurement of the 

relative abundance for ~8,000 proteins in up to 16 different conditions in one day of analysis time 

(Thompson, 2019). Developments by us described below (Chapter 2) as well as others have 

produced methods capable of exquisite quantitation: typical coefficients of variation are ~2-4% 

and the chemical signal to noise of methods can now exceed 100:1. With these methods in hand, 

we looked at assemblies of microtubules as an archetype of a self-organized system. We hope 

that careful study of homogenous populations of microtubules in complex lysates, as well as study 

of the metaphase spindle will illuminate both general principles of self-organization as well as 

specific principles that guide microtubule dynamics.  
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      Spindles are most commonly studied in cell free extracts made from X. laevis eggs arrested 

in metaphase of meiosis-II (Field, 2018). These extracts (along with those made from sea urchins) 

are the only systems outside of intact cells that can create spindles in a test tube. The lack of a 

cell membrane makes the system biochemically tractable and enables facile addition or removal 

of components of interest. Understanding a complete and quantitative understanding of spindles 

is an outstanding goal in systems biology. Simply put, the spindle is a biochemical beast. X. laevis 

spindles have approximately 100,000 microtubules that turn over with an average lifetime of 20 

seconds (Salmon, 1984). During the time that a given microtubule exists, dozens to hundreds of 

proteins bind to it and exert various activities. The sum of these activities give rise to the spindle 

structure. How these activities are integrated to give rise to spindles, the extent of redundancy in 

the system, and the number of components required for in vitro reconstitution of a spindle remain 

unsolved problems.  

1.6 Overview of this thesis 

      In this thesis we sought to improve three outstanding problems in mass spectrometry-based 

proteomics analysis. In Chapter 2, we address the signal to noise limitations of modern isobaric 

labeling approaches. Despite their wide use and many advantages, isobaric labels can have 

signal to noise ratios that are as low as 3:1 depending upon the exact instrument and parameters 

employed (Wühr, 2012). These signal to noise ratios can be increased drastically and be limited 

only by ion counting statistics if the portion of the isobaric tag that remains bound to the peptide 

is used for the quantification (Wühr, 2012). However, this results in a convolution of the isotopic 

envelope, which creates a drastic loss in precision. We developed an improved method of the 

complement reporter ion approach which has extremely high signal to noise ratios (>100) and 

competitive precision (CVs of 4%).  

      In Chapter 3, we consider the use of recent developments in regularized regression to impute 

missing data in quantitative multiplexed proteomics experiments. Our approach leverages the 
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highly quantitative nature of newly developed proteomics methods, along with the underlying 

biological covariation that is present in many different biological specimens and/or experimental 

designs commonly encountered in research. We use a robust, regularized regression approach 

that can consider wide range of models that vary in both shrinkage and sparsity. Thus, when 

imputing a missing value, a large model space which contains models with only a few non-zero 

coefficient, along with models which contain thousands of non-zero coefficients are considered. 

Many “goldilocks” models in between are also considered, and the magnitudes of the coefficients 

are also altered. This resulted in a method which imputes relative normalized protein 

measurements with a median pearson r2 of ~0.7 to ~0.8 for proteins in all datasets analyzed. 

      In Chapter 4, we investigated the properties of multi-dalton wide spectral searches. These 

searches have precursor tolerances that are thousands of times larger than the standard deviation 

of the mass error of the mass analyzer. This is unnecessarily large. However, we find that they 

have several favorable properties: 1) they are able to identify peptides with a mis-assigned mass 

(can often be off in 1 Dalton increments) and 2) they are able to better discriminate between good 

and bad sequence assignments.  

      In Chapter 5, we apply some of our newly developed methodology along with other recent 

developments in quantitative multiplexed proteomics to study the biochemical composition of 

microtubules and the metaphase spindle in X. laevis. We developed a new method for directly 

isolating spindles with endogenous dynamics from undiluted cytoplasm and measuring their 

composition with quantitative proteomics. We report our measurements in the form of a partition 

coefficient: the fraction of each protein bound to spindle relative to cytoplasm. We couple our 

spindle partition coefficients with known absolute abundances of all proteins to report the 

stoichiometry of all proteins in the spindle.  
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2.1 Abstract 

      Quantitative analysis of proteomes across multiple time points, organelles, and perturbations 

is essential for understanding both fundamental biology and disease states. The development of 

isobaric tags (e.g. TMT) have enabled the simultaneous measurement of peptide abundances 

across several different conditions. These multiplexed approaches are promising in principle 

because of advantages in throughput and measurement quality. However, in practice existing 

multiplexing approaches suffer from key limitations. In its simple implementation (TMT-MS2), 

measurements are distorted by chemical noise leading to poor measurement accuracy. The 

current state-of-the-art (TMT-MS3) addresses this, but requires specialized quadrupole-iontrap-

Orbitrap instrumentation. The complement reporter ion approach (TMTc) produces high accuracy 

measurements and is compatible with many more instruments, like quadrupole-Orbitraps. 

However, the required deconvolution of the TMTc cluster leads to poor measurement precision. 

Here, we introduce TMTc+, which adds the modeling of the MS2-isolation step into the 

deconvolution algorithm. The resulting measurements are comparable in precision to TMT-

MS3/MS2. The improved duty cycle, and lower filtering requirements make TMTc+ more sensitive 

than TMT-MS3 and comparable with TMT-MS2. At the same time, unlike TMT-MS2, TMTc+ is 

exquisitely able to distinguish signal from chemical noise even outperforming TMT-MS3. Lastly, 

we compare TMTc+ to quantitative label-free proteomics of total HeLa lysate and find that TMTc+ 

quantifies 7.8k versus 3.9k proteins in a 5-plex sample. At the same time the median coefficient 

of variation improves from 13% to 4%. Thus, TMTc+ advances quantitative proteomics by 

enabling accurate, sensitive, and precise multiplexed experiments on more commonly used 

instruments. 

 

2.2 Introduction 
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      Global measurements of protein abundance are essential to understanding biological systems 

in health and disease. However, proteomics measurements severely lag behind other “omics” 

approaches such as transcriptional profiling (Sidoli, 2017). Proteomic measurements lack 

sensitivity, lack throughput, are comparatively expensive, and can produce unreliable 

quantification.  

      The majority of modern proteomics relies on two widely employed techniques, label-free 

proteomics and multiplexed proteomics. In label-free proteomics, samples for individual 

conditions (e.g. time-points or perturbations) are analyzed one at a time, peptide ion-intensities 

are mapped to proteins, and the resulting intensities are compared between different experiments. 

However, due to the complexity of the samples even the fastest instruments cannot fragment and 

identify all peaks (Chick, 2015). Peptide (and thus protein) identification among different 

conditions is therefore a somewhat stochastic process. Comparing different samples analyzed 

with label free produces missing data-points which complicate and hinder interpretation. 

Furthermore, typically only two-fold or larger changes can be detected as significant (Cox, 2014). 

Despite these disadvantages, the comparative ease of implementation and compatibility with 

comparatively simple and robust instrumentation have made the label-free approach highly 

attractive and widely used. 

      In principle, multiplexed proteomics can address many of the shortcomings of label-free 

proteomics. Multiplexing multiple conditions into a single mass spectrometer run is accomplished 

by labeling peptides with isobaric tags (e.g. Tandem Mass Tag (TMT)) that function as barcodes 

and specify the different conditions (Figure A1.1 A) (Thompson, 2003). The different conditions 

are combined and analyzed together, which results in simultaneous ionization, in principle leading 

to more reliable quantification and the elimination of missing values. Multiplexing increases 

sample throughput and reduces the need for expensive instrument time. In the MS1 spectrum, 

intact peptides tagged with different TMT-tags are indistinguishable as each tag is isobaric and 
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thus has the same mass (Figure A1.1 B).  Therefore, the MS1 spectrum complexity does not 

increase with more channels, enabling the comparison of many (currently up to 11 conditions) in 

a single experiment (McAlister, 2012). Tagged peptides are isolated and fragmented in the MS2 

spectrum (Figure A1.1 C). The fragment ions resulting from breakage of the peptide backbone, 

called b- and y-ions, are used for peptide identification. Additionally, the TMT-tag will break during 

the fragmentation process and release the reporter-ions; unlike the intact tag, the masses of the 

resulting reporter-ions are condition specific and encode relative protein abundance between 

samples (Figure A1.1 C) (Thompson, 2003).  

      Measurements with this simple implementation of multiplexed proteomics (TMT-MS2) are 

typically severely distorted (Wenger, 2011 and Ting, 2011). In complex mixtures the MS2 

spectrum typically contains a mixture of fragments from the peptide of interest and other co-

isolated peptides (Figure A1.1 C). Therefore, the measured signal is actually a combination of 

reporter ions from the identified peptide and reporter ions from other peptides. Here-in we will 

refer to ratio distortion that arises from reporter ions of co-isolated peptides as interference. 

Interference can be minimized by an additional isolation and fragmentation of b- and y-ions in the 

MS3 scan (Ting, 2011 and McAlister, 2014). This approach, termed MultiNotch MS3 (TMT-MS3), 

has been commercialized on the Orbitrap Fusion and Lumos as “synchronous precursor 

selection-based MS3” and allows the routine quantification of ~8,000 proteins. The improvements 

from TMT-MS3 are now considered the current state-of-the-art for multiplexed proteomics, and 

have allowed detection of protein abundance changes of 10% as highly significant (Wühr, 2015).  

      While the MS3 approach is a significant advance, it does not completely eliminate 

interference; especially for low abundant peptides where interference remains a major problem 

(Wühr, 2015). Furthermore, additional MS scans result in a slow duty cycle and loss of ions, which 

manifest in loss of sensitivity. Lastly, TMT-MS3 data can only be obtained on expensive and 

complex instrumentation, which are comparatively difficult to maintain. Despite the clear progress 
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TMT-MS3 introduced, TMT-MS2 is still used an estimated ~5 times more often in academic 

studies, based on the number of times each method was cited in 2016 (Ting, 2011 and Ross, 

2004).  

      We have previously devised a system of protein quantification using the complement reporter 

ions (TMTc) (Wühr, 2015 and Wühr, 2012). This method nearly eliminates interference. When 

TMT-labeled peptides fragment at the MS2 stage of mass analysis to produce the low m/z 

“reporter ions” discussed above, additional complement reporter ions are formed as a result of 

the intact peptide remaining fused to the mass balancing region of the TMT-tag (Figure A1.1 C). 

The TMTc ions encode different experimental conditions in the same way the low m/z reporter 

ions do, with the added benefit that the TMTc ion’s mass is different for each peptide. Therefore, 

accurate quantification is possible even if other peptides are co-isolated into the same MS2 

spectrum. TMTc is better in distinguishing true signal from interference because the ability to 

distinguish peaks in mass analyzers in the MS2 scan is typically ~100-fold higher than the 

narrowest possible isolation window that can be used for isolating ions into the MS2 scan. 

Because TMTc quantification does not need the additional gas-phase isolation-step of the slow 

MS3 scan, it holds potential to be significantly more sensitive and is compatible with comparatively 

simple instruments like iontrap Orbitrap, quadrupole Orbitraps, and qTOFs. 

      Despite these obvious advantages, published TMTc methodology is limited by comparatively 

low measurement precision and inefficient TMTc ion formation, which reduces sensitivity. While 

TMTc is already able to provide accurate data that has comparable sensitivity as data gathered 

using TMT-MS3 (Wühr, 2015), specific improvements are needed to fully exploit its potential. 

Here, we introduce these advancements in a method we term TMTc+. We modified sample 

preparation and instruments methods to favor the complement ion formation. Further, we included 

the shape of the isolation window into the deconvolution algorithm, which drastically increases 

precision. At the same time the improved method maintains the superb ability to distinguish signal 
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from chemical noise. Thus, TMTc+ enables accurate, sensitive, and precise multiplexed 

proteomics that is compatible with widely distributed instrumentation. 

 

2.3 Experimental Section 

2.3.1 TMTc+, TMT-MS2, and TMT-MS3 sample preparation:  

      Samples were essentially prepared as previously described (Wühr, 2015). HeLa S3 cells were 

grown in suspension to 1x106 cells/mL and yeast cells were grown to an OD of 1.0. Cells were 

pelleted and lysed in 6M guanidine hydrochloride, 50 mM HEPES pH = 7.4. Disulfide bonds of 

~500 µg of protein were reduced with 5 mM DTT (500 mM stock, water) at 60 C for 20’. Samples 

were cooled to room temperature and cysteines were alkylated by the addition of 15 mM N-ethyl 

maleimide (1 M stock, acetonitrile) at 23 C for 20’. 5 mM DTT (500 mM stock, water) was added 

at 23 C for 10’ to quench any remaining NEM. Salts, small molecules and lipids were removed by 

a methanol-chloroform precipitation and the protein disc was washed with 50/50 

methanol/chloroform one additional time and the protein was allowed to air dry (Wessel, 1984). 

Protein samples were dissolved in 6 M guanidine hydrochloride, 10 mM EPPS pH = 8.5 to ~2.5 

µg/µL. Samples were heated at 60 C for up to 30 minutes to help resolubilization. Next, samples 

were diluted with 10 mM EPPS pH = 8.5 to 2 M Guanidine hydrochloride. Lysates were digested 

overnight at 37 C with LysC (Wako, 2 µg/µL stock in HPLC water) at a concentration of 10 ng/µL 

LysC. Samples were further dilluted to 0.5 M guanidine hydrochloride with 10 mM EPPS pH = 8.5 

and an additional 10 ng/µL LysC was added as well as 20 ng/µL of sequencing grade Trypsin 

(Promega). Samples were mixed by pipetting and incubated at 37 C for 12-16 hours. All solvent 

was removed in vacuo and each protein sample was re-suspended in 300 mM EPPS pH = 8.5 at 

a concentration of ~1 µg/µL. 20 µL of the appropriate TMT-reagent (Pierce, 5 mg/250 µL in dry 

acetonitrile stored at -80) was added to ~100 µg of peptides, mixed, and incubated at 23 C for 2 
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hours. The reaction was quenched by addition of 10 µL of 5% hydroxyl amine (Sigma, 50% HPLC 

grade, diluted with HPLC water) at 23 C for 15 minutes.  

      For reverse phase fractionated samples, ~100 µg of peptides from each condition were 

combined to create a mixture of ~500 ug of peptides at 1.0 µg/µL. This mixture was acified to pH 

< 2 with phosphoric acid (HPLC grade, sigma) and cleared by ultracentrifugation at 200,000g at 

4 C for 1 hour in polycarbonate tubes (beckman coulter, 343775) in a TLA-100 rotor. The 

supernatant was sonicated for 10 minutes and then fractionated by medium pH reverse-phase 

HPLC (Zorbax 300Extend C18, 4.6 x 250 mm column, Agilent) with 10 mM ammonium 

bicarbonate, pH = 8.0, using 5% acetonitrile for 18 minutes followed by an acetonitrile gradient 

from 5% to 30%. Fractions were collected starting at minute 18 with a flow rate of ~0.8 mL/min 

into a 96 well-plate every 38 seconds. These fractions were pooled into 24 fractions by alternating 

the wells in the plate as in (Edwards, 2016). Each fraction was dried and resuspended in 100 µL 

of HPLC water. Fractions were acidified to pH <2 with HPLC triflouroacetic acid and a stage-tip 

was performed to desalt the samples (Rappsilber, 2007). Approximately ~4 µg of each sample 

was analyzed by LC-MS. 

 

2.3.2 Label free sample preparation: 

      Label free samples were prepared as above except only a single sample was digested (not 

tagged with any TMT) and then five separate stage-tips and LC-MS experiments were performed. 

 

2.3.3 LC-MS for TMTc+ experiments: 

      The instrument was operated in data dependent mode with a survey scan performed at a 

resolution setting of 120k (200 m/z) with a scan range of 500 – 1400 m/z with an RF Lens (%) of 
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60, AGC target of 1.0e6 and a maximum injection time of 100 ms. Only charges states of 2+ were 

included. A dynamic exclusion window of 60 seconds with a mass tolerance of +/- 10 ppm was 

used. Peptides with a minimum intensity of 3e6 or higher were subjected to an MS2 scan using 

an isolation window of 0.4 Th (or of different size if indicated) using the quadrupole. Peptides were 

fragmented using an HCD collision energy of 32% and a mass spectrum was acquired using the 

Orbitrap with a resolution of 60k with an AGC target of 5.0e5 and a maximum injection time of 

120 ms. The scan range mode of the Orbitrap was Auto: m/z High. 

 

2.3.4 LC-MS for TMT-MS3 experiments: 

      These were performed as essentially as previously described (Paulo, 2016). 10 SPS 

precursors from the MS2 were used for the MS3 using MS1 isolation window sizes of 0.5 for the 

MS2 spectrum and isolation windows of 1.2, 1.0, and 0.8 m/z for 2+, 3+ and 4-6+ peptides 

respectively. An orbitrap resolution of 50k was used in the MS3 with an AGC target 1.0e5 and a 

maximum injection time of 150 ms. 

 

2.3.5 LC-MS for TMT-MS2 experiments: 

      The instrument was operated essentially as previously described for the TMTc+ experiments 

except all charge states between 2+ and 6+ were included with an MS1 scan range of 350 – 1400 

m/z and an AGC target of 5.0e4 and a maximum injection time of 120 ms was used for the MS2 

scan. The Orbitrap for the MS2 was operated at a resolution of 50k (200 m/z) and a scan range 

mode of Auto: m/z normal. There was no minimum precursor intensity threshold set. 
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The TMT-MS2 experiments were performed using the narrowest isolation window possible (0.4 

Th) to acquire the best data possible. Note that often in the literature wider isolation windows are 

used, which would result in more interference.  

 

2.3.6 LC-MS for Label free experiments: 

      The instrument was operated in data dependent mode with a survey scan performed at a 

resolution setting of 120k (200 m/z) with a scan range of 350 – 1500 m/z with an RF Lens (%) of 

60, AGC target of 1.0e6 and a maximum injection time of 100 ms. Charge states between 2+ and 

6+ were included. A dynamic exclusion window of 60 seconds with a mass tolerance of +/- 10 

ppm was used. Petides were fragmented using an HCD collision energy of 30% and a mass 

spectrum was acquired using the Orbitrap with a resolution of 15k with an AGC target of 5.0e4 

and a maximum injection time of 22 ms. 

 

2.3.7 TMTc, TMTc+, TMT-MS2 and TMT-MS3 Data analysis: 

      The data was analyzed using the Gygi Lab GFY software licenced from Harvard (Huttlin, 

2010). To convert mass spectrometry data from the Thermo RAW file format to the mzXML format 

using ReAdW.exe (http://svn.code.sf.net/p/sashimi/code/), as well as correct incorrect peptide 

charge state and monoisotopic m/z assignments. Assignment of MS2 spectra was performed 

using the SEQUEST algorithm (Eng, 1994) by searching the data against the appropriate 

proteome reference set acquired from Uniprot (SwissProt + Trembl) along with common 

contaminants such as human keratins and trypsin on 08/07/2016. The target-decoy strategy 

(Elias, 2007) was used to construct a second database of reversed sequences that were used to 

estimate the false discovery rate on the peptide level. SEQUEST searches were performed using 

a 20 ppm precursor ion tolerance with the requirement that both n and c-terminal peptide ends 



21 
 

are consistent with the protease specificites of LysC and Trypsin. For high-resolution MS2 data 

(TMT-MS2, TMTc+) the fragment ion tolerance of the MS2 spectrum was set to 0.02 Th, whereas 

this value was set to 1 Th for low-resolution MS2 spectra acquired with TMT-MS3. TMT 

(+229.162932 Da) was set as a static modification on n-termini and lysines peptides, and N-ethyl 

maleimide (+125.047679 Da) was set as a static modification on cysteine residues. Oxidation of 

methionine (+15.99492 Da) was set as a variable modifciation. A peptide level MS2 spectral 

assignment false discovery rate of 1% was obtained by applying the target decoy strategy with 

linear discriminant analysis (Huttlin, 2010). The linear discriminant analysis used the following 

features: XCorr and delta XCorr from sequest, charge state, peptide length and, absolute peptide 

mass accuracy. The positive training set was constructed using forward peptides that are within 

three standard deviations of the theoretical m/z of the precursor. The negative training set 

consisted of all reverse peptides. Peptides of length seven amino acids or longer were rank 

ordered by linear discrimnant analysis score and were filtered to a ratio of 1% reverses / forwards 

+ reverses. Peptides were assigned to proteins and a second filtering step to obtain a 1% FDR 

on the protein level was applied as in (Savitski, 2015). Peptides that matched multiple proteins 

were assigned to the proteins with the most unique peptides (Cox, 2008). TMT-MS2 and TMT-

MS3 experiments were only used for quantitative information if at least 75% of the signal in the 

MS1 within the range of the isolation window was from the precursor (Isolation Specificity > 0.75). 

No Isolation specificity filters were applied to the TMTc+ data. For TMT-MS2, TMT-MS3 and 

TMTc+, peptides were only considered to be quantified if the signal to FT noise (S:FTN) across 

all five channels was > 100.  

 

2.3.8 TMTc+ deconvolution: 



22 
 

      The isotopic impurities of each TMT tag used were measured as was done previously (Wühr, 

2012). Shown in (Figure A1.10) are the structures and isotopic impurity matrices for the TMT 

reagents used in this work. 

      For TMTc+, the complement reporter ion cluster was located and the observed ratios were 

extracted as in (Wühr, 2012). Using the measured shape of the isolation window, the relative 

abundance of each peak that was isolated from the precursor peak was determined and used in 

the deconvolution algorithm. Othwerwise, the deconvolution is performed as previously published 

(Wühr, 2012).  

      A TMTc+ standalone program that requires the raw file, scan number and peptide sequences 

for each spectral match is available upon request: https://scholar.princeton.edu/wuehr/tmtc. 

 

2.3.9 Label free data analysis and quantification: 

      Label free raw files were processed with MaxQuant version 1.5.7.4 as described previously 

(Tyanova, 2016).  For label-free quantification, LFQ was selected. Peptides were searched with 

a FASTA file that contained both the human and yeast proteomes. We used the default 

parameters under the instrument setting. For match between runs we used the match type “Match 

from and to” between the raw file containing only HeLa peptides and the second raw file containing 

HeLa and yeast. We used a custom python script to select the subset of peptides that had unique 

yeast sequences, and from these we select those unique yeast peptides that were had the 

“Identification type” of “By matching”. We used the “Intensity” column to produce the quantification 

measurements we refer to as “Intensity in the main text” and the “LFQ Intensity” column to 

produce the corresponding LFQ measurements. 
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2.3.10 Data Accession Information: 

      The mass spectrometry proteomics data have been deposited to the ProteomeXchange 

Consortium via the PRIDE partner repository with the dataset identifier PXD009342 (Vizcaíno, 

2016).  

 

2.3.11 Coefficient of Variation (CV) estimations: 

      CVs were estimated by calculating the ratio of the uncorrected sample standard deviation 

relative to the sample mean (Equation 2.1). 

 

Equation 2.1    Coefficient of variation estimation using the uncorrected sample standard deviaton 

 

2.4 Results and Discussion 

2.4.1 Improving the precision of the complement reporter ion approach: TMTc+  

      One major obstacle for TMTc in its published form is poor measurement precision: there is a 

large unbiased spread in measurements that surround the true ratio. The main source of 

imprecision in the TMTc method arises during the deconvolution procedure. Consider a TMTc 

experiment where equal amounts of a single peptide in five different conditions are each labeled 

with a different TMT tag and analyzed (Figure A1.2 A). Since 1% of all carbon is 13C, a single 

peptide exists as an isotopic envelope, a distribution with several different peaks each differing 

by one Dalton. Within each peak in the isotopic envelope, the relative abundance of each 

condition for the peptide is equal, however in reality these ratios are unknown. In the limiting case 
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where only a single peak, e.g. the pseudo-monoisotopic peak (M), is isolated and fragmented 

(Figure A1.2 B), the correct ratios can be read out directly (after minor correction for isotopic 

impurities in the TMT tags). If the isolation is pure, the correct ratios can also be determined from 

another peak within the envelope (e.g. M+1 peak), however note the mass offset of each condition 

is shifted each by 1 Da because the peak selected from the precursor envelope was the M+1 

peak (Figure A1.2 C). In the case where both the M+0 and M+1 peak are simultaneously isolated 

and fragmented the complement ions from each condition offset, and a convolution occurs: the 

observed ratios are now incorrect (Figure A1.2 D). The true underlying ratios can be estimated 

using the theoretical distribution of peak heights in the precursor envelope, but this process comes 

with loss of precision (Wühr, 2012). In its published form, TMTc isolates and fragments the entire 

precursor envelope (Figure A1.2 E).  

      We hypothesized that using a small isolation window and including its shape in the 

deconvolution algorithm would lead to improved measurement precision due to the simpler 

deconvolution process. In this study we chose to only focus on peptides with a 2+ charge because 

of the larger spacing between precursor peaks, and the more efficient complement reporter ion 

formation (Wühr, 2012). We measured the shape of the isolation windows for various settings 

(e.g. 0.5 Th and 1.0 Th) by measuring the obtained signal of infused MRFA peptide, while we 

scanned the radio-frequency of the quadrupole around to shift the isolation window around the 

peptide’s mass. We show a subset of these measured windows in (Figure A1.3). Knowing the 

shape of the isolation window for a given width used by the quadrupole during isolation allows us 

to model the isolation step in the deconvolution algorithm by how much of each peak was isolated 

from the precursor envelope. We term this approach TMTc+. 

      To evaluate the measurement precision of TMTc and TMTc+ experimentally, we labeled equal 

amounts of peptides from HeLa lysates with five different TMT-tags (Figure 2.1A). The expected 

true ratios for this sample are 1:1:1:1:1. When we analyze the sample with the published TMTc 
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method that isolates the entire precursor envelope, we obtain a fairly wide spread around the true 

answer with a median coefficient of variation (CV) of 16% (Figure 2.1B). In contrast, when using 

TMTc+ with a much smaller 0.5 Th isolation window (Figure 2.1C), typically a single peak can be 

purely isolated, and the mean CV improves drastically to 6%. Importantly, the TMTc+ method is 

generalizable and can accommodate isolation windows of arbitrary shapes. Thus, larger windows 

e.g. 1.0 Th can also be used and significant improvements in the mean CV relative to the 

published TMTc method are still observed (Figure 2.1D). We expect a trade-off between 

measurement precision and sensitivity, with narrower isolation windows increasing the precision 

of each measurement but coming at the expense of less signal. All of the following studies in this 

paper except those in figure 5 use a 0.4 Th isolation window, the narrowest window currently 

accessible. This was chosen to test TMTc+ under the most challenging conditions possible: 

conditions that in principle give the best measurement quality but are the least sensitive. 
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Figure 2.1   Modeling the isolation step in the deconvolution algorithm increases 

measurement precision.  

A) Five different TMT reagents are used to barcode five identical samples of peptides from 

a HeLa lysate. An example of the isotopic envelope of an intact peptide (precursor) is 
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shown. The true underlying ratios are shown in color, but the mass spectrometer is blind 

to the barcoding and only what is shown in black is observed. Note that in the MS1 before 

any fragmentation has occurred that the true ratio of 1:1:1:1:1 is present in each peak of 

the envelope. B) In the published form of TMTc the entire monoisotopic envelope is first 

isolated and then fragmented. The peaks corresponding to the complement reporter ions 

are identified and the relative abundances are determined. The simultaneous 

fragmentation of multiple peaks from the precursor convolves the data. Intuition for this 

convolvement is provided in (Figure A1.1). Using the known theoretical distribution of 

charge states from the precursor, the amount of signal in each mass offset that belongs to 

each condition can be estimated using a least-squares optimization (Wühr, 2012). This 

process is done for thousands of peptides and the resulting histograms of the measured 

ratio are shown, resulting in a median CV of 16%. C) With TMTc+ the shape of a much 

narrower (e.g. 0.5 Th) isolation window (red) is measured and used. The shape and 

position of this window is incorporated into the deconvolution algorithm. With narrower 

isolation windows deconvolution becomes easier and precision is gained.  In the extreme 

case where only a single peak from the envelope is isolated, the TMTc+ algorithm has to 

only calculate away isotopic impurities from the TMT-tag. The median CV on the peptide 

level improves to 6%. D) TMTc+ can accommodate isolation windows of any size as long 

as their shape has been measured. In the case where a 1.0 Th window is used (red), a 

small amount of the M+2 peak is isolated in addition to the M+1 peak. Using the shape of 

this moderately sized isolation window, the ratios can be deconvolved and a significant 

improvement in precision (median CV of 8%) is still observed relative to when the entire 

isotopic envelope is isolated with previously published TMTc.  

 

2.4.2  Comparison of measurement accuracy between TMTc+, TMT-MS2, and TMT-

MS3 

      In the previous section we showed the improvements in measurement precision the TMTc+ 

algorithm is able to generate. Here we evaluate the ability of TMTc+ to distinguish real signal from 

background in a complex sample where many peptides can be co-isolated along with the peptide 

of interest. These co-isolated peptides cause a significant amount of interference for TMT-MS2, 

and were the motivation for the development of MultiNotch MS3 (TMT-MS3), which mitigates this 

problem and is the current state of the art (Ting, 2011 and McAlister, 2014). To assess the ability 
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to distinguish true signal from background we developed a two-species standard (Figure 2.2A). 

The two species standard consists of human peptides from HeLa cells labeled with five different 

TMT-tags and mixed at a ratio of 1:1:1:1:1. We add yeast peptides at a total abundance of ~10x 

lower levels relative to all peptides present (total yeast = 60 ug, total HeLa + yeast = 560 ug) with 

a mixing ratio of 1:0:1:0:1. The 10x difference in abundance levels allows us to approximate that 

the majority of interference is contributed by HeLa peptides. To evaluate the ability to measure 

signal relative to chemical noise, we measure the relative signal for unique yeast peptides in a 

condition containing yeast and human peptides (TMT 126) relative to a condition with only human 

peptides (TMT 127) (Figure 2.2A). A perfect measurement would yield a ratio of infinity. 

Importantly, the TMT 126 and TMT 127 conditions used in this assay represent the most difficult 

scenario for TMTc+. These channels only differ by 1 Da and are thus the conditions “right next to 

each other” in the complement reporter region of the mass spectrum (Figure A1.2). Thus, any 

signal that is not correctly deconvolved will “spill over” and decrease the measured yeast ratio of 

TMTc+ (Figure A1.2 D).  

      Figure 2.2B shows the measured yeast ratio cumulative distributions for TMTc+ relative to 

TMT-MS3 and TMT-MS2.  For a peptide to be quantified in any condition, we require the summed 

Signal/Fourier Transform Noise (S:FTN) to be at least 1000, which corresponds to approximately 

5000 charges (Makarov, 2009). Consistent with previous publications (Ting, 2011 and McAlister, 

2014), the median ratio of TMT-MS3 is 35.3 and superior to that of TMT-MS2, which has a median 

ratio of 12.6. In contrast to both of these methods, we observed 78% of all peptide measurements 

made with TMTc+ have ratios that are >100. The ability of TMTc+ to remove interference is 

superior to TMT-MS2, and despite the omission of an additional gas-phase purification step, even 

better than TMT-MS3. We varied the S:FTN cutoff threshold and observe that using lower 

threshold like of 100 does not significantly alter the above results (Figure A1.4) For the rest of 

the paper we will use 100 S:FTN as requirement for a peptide to be quantified. We also observe 
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similar results for the ratio of TMTc+ if we use the 128 and 129 channels instead of 126 and 127 

(Fig A1.5). We observe that TMTc+ also outperforms TMT-MS2 and TMT-MS3 when measuring 

the yeast ratio from a sample that has a finite 1:10 ratio of yeast as opposed to an infinite ratio 

(Figure A1.6). When comparing the precision of these three methods, we note that TMTc+ has 

slightly lower but comparable precision (Figure A1.7). The lower precision observed with TMTc+ 

may result from the measurement having less interference (less bias). Measurements with bias 

towards ratio compression (e.g. TMT-MS2 and TMT-MS3) could artificially increase precision at 

the expense of accuracy. Additionally, TMTc+ produces less complement ions on average relative 

to the number of reporter ions generated by MS2 and MS3, which may also lower the relative 

precision of TMTc+.  

 

Figure 2.2   Signal to noise comparison between TMTc+, TMT-MS2, and TMT-MS3  



30 
 

A) A yeast / human standard was designed to assay the chemical signal to noise of TMTc+ 

relative to other multiplexed proteomics methods in use. Yeast (green) is only labeled with 

3 of the 5 TMT reagents used, whereas human (pink) is labeled with all 5. The ratio of 126 

TMT / 127 TMT for unique yeast peptides is used to assay the chemical signal to noise.A 

minimum S:FTNoise of 1000 (~5000 charges) was required for the peptide to be included 

in the analysis to have sufficient ion statistics. A perfect measurement shows an infinite 

change. B) Cumulative histogram of measured yeast ratios for unique yeast peptides using 

TMT-MS2, TMT-MS3, and TMTc+ from a 90 minute reverse phase fractionated sample. 

Bins are indicated with a circle. Due to restraints on ion counting statistics, any measured 

ratio larger than 100 was plotted as 100.  

 

2.4.3 Comparison of measurement sensitivity between TMTc+, TMT-MS2, and TMT-

MS3 

      Another disadvantage of the published TMTc method was lack of sensitivity, mostly due to 

inefficient formation of complement reporter ions. This was most pronounced for longer peptides 

with higher charge states (Wühr, 2012). To address this problem we modified sample preparation 

by switching from a LysC only digest to Trypsin/LysC, which produces shorter peptides with fewer 

missed cleavages. Additionally, we added 2% DMSO to the ionization medium to coalesce charge 

states towards 2+, and optimized the instrument method (Hahne, 2013 and Meyer, 2012). For a 

detailed sample preparation protocol and method setup please refer to the materials and methods 

section. To evaluate and compare how many proteins we could quantify with different multiplexed 

methods, we analyzed a five-plex HeLa lysate (containing only human and no yeast proteins) with 

TMTc+, TMT-MS2, and TMT-MS3. For this comparison we used a stringent 1% FDR on the 

protein level (Savitski, 2015), and count only the minimal number of proteins required to explain 

all observed peptides (Cox, 2008). A complete overview of the number of MS/MS scans, number 

of peptide and proteins identified and quantified for each method is available in (Table A1.1). 

TMTc+ is able to measure ~700 more proteins for 24 90 minute analyses of pre-fractionated 

samples relative to TMT-MS3. TMTc+ is likely able to quantify more proteins than TMT-MS3 due 
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to the faster duty cycle and the omission of the extra gas-phase purification step (Figure 2.3A). 

The number of quantified proteins with TMTc+ even slightly surpasses the semi-quantitative TMT-

MS2 method (Figure 2.3A). The advantages/disadvantages of the methods seem to roughly 

cancel each other: the commercial TMT-tag was designed to favor the production of low m/z 

reporter ions instead of complement reporter ions during fragmentation. Consequently, TMTc+ 

methods must use longer ion-injection times for each peptide to obtain the same number of ions. 

This lowers the duty cycle of TMTc+, and a larger fraction of spectra cannot be used for 

quantification. On the other hand, many spectra for TMT-MS2 (and TMT-MS3) are filtered out due 

to obvious co-isolation of other peptides within the MS1 isolation window (as previously described 

we require an isolation specificity of 75%). For TMTc+, we don’t need to use this filtering step, as 

we are typically able to distinguish signal from the peptide of interest from co-isolated peptides in 

the MS2 spectrum (Figure 2.2B). Surprisingly, the sensitivity of protein quantification with TMTc+ 

seems to benefit from only chasing after 2+ ions. While compared to TMTc+ both TMT-MS2 and 

TMT-MS3 quantify more unique peptides, most of these extra peptides with higher charge states 

seem to come from missed cleavages and/or are from proteins which were already quantified 

(Table A1.1).  For all three methods, one can reduce the number of reverse phase fractions 

analyzed to obtain a proteome at a reduced sensitivity in exchange for saving instrument time 

(Figure 2.3B)   

      When the sensitivity of each method is compared doing a “single shot” 3 hour analysis of an 

unprefractionated HeLa lysate, TMT-MS2 (3882) quantifies slightly more proteins than TMTc+ 

(3729) (Figure A1.8). Both methods quantify significantly more proteins than TMT-MS3 (2739). 

Taken all together, even when the narrowest isolation window of 0.4 Th is used with TMTc+, the 

method is at least as sensitive as existing methods.  
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Figure 2.3:   Comparison of Sensitivity for different multiplexed proteomics methods.  

A) Number of proteins quantified at a 1% FDR on the protein level after analyzing 24 90 

minute reverse phase fractionated samples of a 1:1:1:1:1 TMT tagged HeLa standard. 

TMT-MS2 and MultiNotch-MS3 measurements were filtered to an isolation specificity > 

75% as previously described (McAlister 2014, Wühr 2015, Peshkin 2015). However, this 

was not necessary for TMTc+. B) Number of proteins quantified at a 1% FDR on the protein 

level as a function of the number of 90 minute reverse phase fractionated samples 

analyzed with each method. 

 

2.4.4 Improving the robustness and accessibility of TMTc+ 

      So far, we have demonstrated TMTc+ can produce superb measurement quality combined 

with very high sensitivity. Additionally, one of the most attractive points of TMTc+ is that it does 
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not require an ion-trap and is compatible with quadrupole Orbitrap instruments, which are at least 

10x more prevalent in the field than TMT-MS3 compatible instruments based on the number of 

datasets that have been deposited to the proteomics database Proteome Xchange. TMTc+ can 

be used by many labs which currently only have access to instrumentation that can perform the 

TMT-MS2 method. However, an important requirement for TMTc+ is that we use the shape of a 

highly reproducible isolation window into the deconvolution algorithm. It is possible that due to 

poor calibration or older instrumentation, that this isolation window is not well defined or changes 

drastically as function of m/z (Figure A1.3). To assess the dependency of TMTc+ on the correct 

isolation window used we acquired data with a 0.7 Th isolation window, but performed the 

subsequent deconvolution assuming a 0.4 Th isolation window was used. As expected data 

quality suffers (Figure A1.9 A). Upon inspection of individual MS2 spectra, we observed that the 

vast majority of spectra contained unfragmented precursor ions, which we term surviving 

precursor (Figure A1.9 B). We hypothesized that the ratio of each peak in the surviving precursor 

can be used as a direct readout for how much of each peak from the precursor envelope was 

isolated and fragmented. When performing the deconvolution using the surviving precursor ratios 

of the same 0.7 Th data acquired as in (Figure A1.9 A) the median measured yeast ratio improved 

from 14.6 to 28.9  (Figure A1.9 C). The surviving precursor can be used for deconvolution of 

almost every spectra (Figure A1.9 D). Despite this progress, we were not able to reach the same 

quality of data as what is observed when the correct theoretical isolation window is used. We 

believe this is due to the introduction of noise with the measurement of the surviving precursor. 

In summary, we believe that the best possible data can be acquired by using the theoretical 

isolation window of a well calibrated instrument. Nevertheless, using the surviving precursor might 

be an attractive alternative which can increase robustness and still provide measurements that 

are equivalent to the current state of the art. We expect this method might be particularly useful 

for iontrap-Orbitrap instruments (e.g. Orbitrap Velos) where space charging effects in the linear 

ion trap lead to poor reproducibility of the centering of the isolation window.  
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2.4.5 Comparison of TMTc+ with label free quantification 

      Despite the theoretical advantages of multiplexing methods, practical difficulties such as 

instrument compatibility and interference have hindered adoption. The most commonly used form 

of quantitative proteomics is “label free”, where multiple unlabeled samples are analyzed in 

succession on separate runs of a mass spectrometer, and then the intensities of their peaks from 

each run are compared (Cox, 2014). We believe these former advantages of label free 

approaches relative to multiplexed ones are diminished by TMTc+. We assayed the sensitivity 

and precision of both methods by analyzing five identical samples of the same HeLa cell lysate 

(Figure 2.4A). Using the same amount of instrument time for both methods, we identified a total 

of 5,263 proteins at a 1% FDR in all five label free runs. Of these, 5,263 were quantified using the 

intensity metric in MaxQuant, whereas 3,941 were quantified using the LFQ quantification.3 In the 

same amount of instrument time (15 hours), TMTc+ analysis of 10 90-minute HPLC reverse phase 

fractionated samples quantified 7,842 proteins at a 1% FDR. The substantial increase of proteins 

quantified across all five conditions with TMTc+ relative to label free can be attributed to 1) using 

the same total amount of instrument time, the co-analysis of five samples simultaneously with 

TMTc+ at once allows the analysis of multiple pre-fractionated peptide samples. 2) The 

multiplexed nature of TMTc+ results in peptides, and thus proteins, being simultaneously 

identified in all five conditions. With TMTc+ there are no missing values to remove. Last, the 

precision of each method was compared using the same HeLa samples on both the peptide level 

(Figure 2.4B) as well as the protein level (Figure 2.4C).  On the peptide level the median CV for 

TMTC+ is 4% whereas for label free it is 26%. When peptide measurements are aggregated to 

the protein level the median CV for TMTc+ is 4%, with essentially no proteins having a CV higher 

than 10% for 7,842 proteins. In contrast, with the label free Intensity quantitative metric 5,263 

proteins can be quantified with a median CV of 18%. The label free CV can be improved to 13% 

using the LFQ Intensity metric (Cox, 2014), but the precision is still comparatively poor and ~4,000 

less proteins are quantified. 
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      Taken together, we believe that TMTc+ provides an attractive alternative to label-free 

quantification. It results in superior measurement precision, higher sensitivity, and removes the 

interference, which is a major problem with TMT-MS2. A major hindrance for the adaption of 

accurate multiplexed proteomics has been the incompatibility of TMT-MS3 with the most widely 

used instrumentation. We hope that TMTc+ will help to overcome this limitation.  

      While TMTc+ is now at least as sensitive as other multiplexing methods in use, we believe 

that there is promise for even larger gains in sensitivity to be achieved. The current TMT tags 

used for the method were not designed with TMTc+ in mind and form the complement reporter 

ion inefficiently. Development of new TMT reagents with more selective fragmentation that favor 

the complement reporter fragment might yield up to an additional order of magnitude in signal for 

the method. We believe that the inefficient ion formation is the main reason for the slightly poorer 

measurement precision observed for TMTc+ compared to TMT-MS2 and TMT-MS3 (Figure 

A1.7). We expect a more suitable tag to further improve TMTc+’s measurement precision. We 

noticed efficient formation of complement reporter ions in an isobaric tag that was designed for a 

different purpose (Braun, 2015). We estimate that on average complement reporter ion formation 

with this tag increased by ~3-fold compared to the commercial TMT. Very recently two new 

isobaric tags based on the easily breakable sulfoxide bond were introduced (Stadlmeier, 2018). 

These were specifically designed for the purpose of efficient complement reporter ion formation. 

Nevertheless, the shown fragmentation spectra and number of quantified proteins in these studies 

suggest that significant room for improvement remains. We hope that optimized tags will soon be 

available that can fully exploit the potential of the complement reporter ion approach. Currently 

we only attempt to identify and quantify peptides with a 2+ charge state because the spacing 

between peptides with a 3+ charge state is too narrow to use a 0.4 Th isolation window, the 

narrowest isolation window currently available on quadrupoles from Thermo. We suspect that if it 

were possible to use narrower isolation windows, e.g. 0.2 Th, it would be possible to also quantify 
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most 3+ charge state peptides, while maintaining superb measurement precision. Alternatively, 

one could instruct the mass spectrometer to intentionally always isolate the M0 peak and use an 

offset of the isolation window for 3+ quantification. Unfortunately, on our instrument it is currently 

not possible to specifically chase after the M0 peak. Quantification of 3+ peptides (and even 

higher charge states) would of special interest for certain endogenous post-translational 

modifications as well as derivatization with different chemical compounds. Finally, due to the 

unique m/z of each complement reporter fragment due to the peptide, it is possible to quantify 

multiple peptides in the same spectra and therefore paralyze data acquisition (Wühr, 2012).  

      Compared to current approaches, the remaining limitation with TMTc+ is its multiplexing 

capacity. With the commercially available TMT reagents, the maximum amount of different 

encoded conditions is five. This compares unfavorably to the 11 channels that are currently 

accessible with TMT-MS3, which also produces excellent data. The reduced number of channels 

is due to the positioning of the heavy isotopes relative to the two breakage points in the TMT-tag, 

and the lower mass resolution obtainable at higher m/z. Currently, we are unable to distinguish 

the neutron masses of nitrogen or carbon in complement reporter ions. Nevertheless, using the 

current approach, a new set of reagents encoding ~ten different conditions each with one Dalton 

spacing seems feasible. We hope that the promising results shown in this paper will motivate the 

generation of such tags. The multiplexing number could further increase with super-resolution 

approaches that would, in principle, allow the use of neutron encoding of conditions for 

complement reporter ions (Kozhinov, 2012).  

      Lastly, the unique ability of TMTc+ to distinguish signal from noise might prove particularly 

useful for targeted multiplexed proteomics (Erickson, 2016).  
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Figure 4.    Comparison of TMTc+ with label free proteomics.  

A) A sample of digested HeLa peptides was either labeled with five different TMT reagents 

and combined to be analyzed by TMTc+, or analyzed in succession via one-shot label free 

proteomics (Cox, 2014) for the same amount of instrument time (15 hours total). An 

additional 3,901 proteins are quantified in all five samples using TMTc+. B) Distribution of 

coefficients of variation at the peptide level with each method. TMTc+ (pink) quantifies an 
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additional 24,535 peptides relative to label free (purple) and has a median CV of 4% relative 

to a median CV of 26% with label free quantification. C) Peptide measurements were 

aggregated to the protein level (1% FDR) either by summing counts of ions in each sample 

for TMTc+ (pink), or by two different established methods for label free (green and purple) 

(Cox, 2014). TMTc+ quantifies thousands of additional proteins compared to both 

quantitative label free approaches, and has a lower median CV (4%) relative to the label 

free approaches (13% and 18% respectively).  

 

2.5 Conclusion 

      Our recent improvements to the complement reporter approach result in a method we term 

TMTc+. This method produces measurements with significantly better signal to noise than the 

current state of the art, TMT-MS3. TMTc+ is compatible with at least 10 times more mass 

spectrometers in use relative to TMT-MS3 at the time of this publication. An important aspect of 

TMTc+ is that our approach can be generalized to use isolation windows of any shape. This might 

be especially important for older instruments that have lower sensitivity. The deconvolution 

software used in this paper is freely available upon request for all academic users. The software 

can be used as an add-on to existing excellent mass spectrometry analysis pipelines such as 

MaxQuant or Proteome Discoverer. 
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3.1 Abstract 

      Incomplete measurement coverage results in missing values when multiple samples are 

analyzed by quantitative proteomics. This problem is somewhat mitigated by multiplexing with 

tandem mass tags, but a substantial amount of missing values occur in large scale studies 

comprised of many multiplexed experiments. With large scale studies such as differential 

response of cell lines or model organisms to pharmacology or other perturbation becoming of 

increasing interest, methods for faithful imputation of missing values are needed. Here we 

investigate to what extent missing values can be imputed coupling quantitative multiplexed 

proteomics data with a regularized regression approach. We find that in a number data sets with 

different experimental design (different cell lines, mice, or biochemical perturbation) protein 

abundances can be imputed with a median pearson r2 of ~0.8 when 20 of 100 measured 

conditions are missing. The approach appears to make successful use of underlying biological 

covariation, and produces models with a wide range of complexity depending upon the underlying 

data. Comparison between the measured and imputed data via matrix decomposition, pairwise 

pearson correlations, and hierarchical clustering approaches suggest faithful recapitulation of 

measurements and the underlying biology is possible.  

 

3.2 Introduction 

 

      Peptide identification in data-dependent bottom-up proteomics is a biased stochastic process. 

This results from unavoidable variability between runs. In the case where technical replicates of 

exactly the same sample are analyzed, approximately the same number of peptides will be 

identified in each run, but the size of the intersection of peptide identifications shrinks with 

additional replicates: some fraction of the peptide species are not identified in all runs. This 
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problem is somewhat remedied once peptides are mapped and collapsed into proteins, but 

missing values between samples are still present.  

      As we begin to ponder more complex biological problems that demand more sophisticated 

experimental design and data analysis, large data sets consisting of one hundred or more 

quantitative proteomics samples will be necessary. The presence of even a small amount of 

missing values in each sample in a very large cohort of conditions of an experimental design 

results in a drastic loss of data if one wishes to do statistical inference on a complete data matrix 

with no missing values. One study of different populations of immune cells had a union of 10,012 

identified proteins between 97 samples, but only 2,390 proteins were identified and measured in 

all samples (Figure 3.1A). This problem can be somewhat remedied with multiplexed proteomics. 

Current multiplexing approaches permit up to 16 samples to barcoded into a single run 

(Thompson, 2019). Multiple runs can be co-analyzed by using the same sample in different 

“plexes” as a “bridge” (Lapek, 2017). However, while less proteins are removed as the quantitative 

results from separate “plexes” are aggregated into a single matrix with no missing values, the loss 

of data is still significant. A study that measured 41 different breast cancer cell lines in duplicate 

used 8 different channels in each 10-plex for cell lines, and two channels were the same in all 10-

plexes to act as bridges. This results in a significant improvement in the difference between the 

union and intersection of all proteins quantified in all conditions (Figure 3.1B). Despite the 

improvement of the intersection to 6,043 proteins (out of 10,528 proteins in the union), there is 

still a loss of 42.6% of the data.  

      One long standing goal of statistical inference in quantitative proteomics is to impute the 

missing values that occur between different samples. Many different approaches have been tried 

with label free data, to varying degrees of success (Webb-Robertson, 2015). However, the most 

common approach in the literature is missing values are either discarded entirely or imputed by 

some form of mean imputation (typically sampling from a distribution with a mean that is similar 

to some of the least abundant proteins in the dataset (Rieckmann, 2017). Any form of mean 
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imputation is this context is probably a very poor approach (O’brien, 2018). There will be no 

correlation between mean-based imputed data and the actual values. 

 

Figure 3.1. The missing value problem in label free and multiplexed proteomics.  

A) Protein identification overlap from a large scale immunology study where 97 different 

proteomes were analyzed from 12 different kinds of un-activated and activated immune 

cells. Proteins identified in each sample were tallied to determine the number of unique 

proteins identified in at least one sample (cumulative union, purple), the number of proteins 

identified in each sample (green), and the number of proteins identified in all samples 

(cumulative intersection, pink). B) Protein identification overlap between TMT 8-plexes 

from a breast cancer cell line study. The amount of proteins lost due in the cumulative 

intersection of the data is significantly less in the multiplexed case compared to label free, 

but is still substantial. 

 

      Here we investigate to what extent is it possible to accurately impute missing values in large-

scale quantitative multiplexed experiments. While this topic has not yet been addressed to our 

knowledge, we expect that it will become of increasing importance to the community as larger 

experimental designs are undertaken. Indeed, re-analyzing existing published work shows that 

quantitative information for many thousands of proteins is typically discarded when it may be able 

to be accurately imputed (Figure 3.1B). We believe that missing values in large-scale multiplexed 

experiments that are combined with a “bridge” used as an internal standard may be inherently 

easier to impute because 1) there should be less of them due to multiplexing and 2) current state-
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of-the-art quantitative multiplexed methods have a measurement precision that is roughly 10-fold 

higher than label free approaches (Sonnett, 2018). 

      Inspired by work from others, we hypothesize that for many types of experimental design with 

different samples (cell types, mice, drugs etc.) biological covariation between each sample might 

exist and be sufficient to accurately infer the abundance of a given protein that is not observed in 

condition(s), but strongly covaries with other protein(s) in many other conditions and their 

abundance is observed in all conditions of interest (Golub, 1999). The most familiar example of 

this would be positive covariation that is observed between different protein members of the same 

protein-protein complex. Indeed, not surprisingly, strong correlations between individual members 

of the protein complexes have been observed in a data set of breast cancer cell lines (Lapek, 

2017). 

      To infer missing values, we consider a general approach where every protein in the dataset 

has a coefficient in a linear model, and thus may have predictive power. Unfortunately, simple 

linear models fail for multiple reasons in scenarios where there are many more predictors (in this 

case proteins) than there are observations (different conditions). First, the system is 

overdetermined and there is no unique solution. Second, a typical least squares regression will 

yield non-zero coefficients for every protein, suggesting that all proteins contribute to the 

abundance of the protein that is being inferred. This is very likely to be wrong because of both 

Occam’s razor as well as what we know about biology. Very complex models are likely not 

reflective of underlying biology. On the other hand, many biological processes involve many 

components, and simple models might not have enough predictive power. We will use (and 

extend) several popular machine learning approaches to overcome this dilemma. These 

approaches not only produce models that are simpler and more interpretable, but also have 

superior predictive power in many cases because they are less flexible and overfit the data less. 

      Regularized regression approaches such as the lasso (Tibshirani, 2012) address this 

shortcoming by applying constraints that give a “budget” of how large all of the coefficients used 
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in the linear model are. This results in shrinking the magnitude of most coefficients, and many of 

them are forced to zero. Shrinking using a lasso approach with a l1 norm produces a shrunken 

and sparse solution while using a ridge approach which uses an l2 norm produces a shrunken 

solution, but not a sparse one (Zou, 2005). In both cases the overall magnitude of the coefficient 

vector decreases, but in the case of the lasso almost all protein coefficients in the linear model 

are forced to zero, while with the ridge the magnitude of protein coefficients are smaller but are 

still non-zero.  

      In this work, we attempt to use an unbiased approach that considers a large space of possible 

models that vary significantly in both shrinkage and sparsity. This is accomplished using the 

elastic net (Equation 3.1) (Zou, 2005), which is flexible and can vary in sparsity to be a hybrid of 

the lasso and the ridge, or all of one or the other. The elastic net penalty α can be varied from 0 

(ridge) to 1(lasso). Considering intermediate values allows one to construct models where 

coefficients are shrunk with a hybrid of l1 and l2 norms, resulting in different levels of sparsity for 

a given level of shrinkage. The tuning parameter λ controls the overall strength (and hence 

shrinkage) of the penalty. 

 

 

Equation 3.1    Elastic net 

 

3.3 Experimental Section 

      All regularized regression was performed using a wrapper for the R glmnet package version 

3.0-2 in python. All datasets were standardized to have mean = 0 and standard deviation = 1 prior 

to regression. The best model was chosen using the 1 s.e. rule as described by the authors of the 

package. Kernel density estimation was performed using the kde function from the Seaborn 
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package version 0.9.0 in Python. Hierarchical clustering was performed using the 

AgglomerativeClustering function from scikit-learn version 0.22.2.  

 

3.4 Results and Discussion 

 

3.4.1 Simulating and inferring missing values 

      Judging the effectiveness of a regularized regression approach first requires that we have a 

dataset where we know the ground truth and can compare our predictions. We consider a 

published dataset of 41 different breast cancer cell lines grown in culture, each measured in 

biological duplicate (Lapek, 2017). We remove any proteins that have at least one missing value 

in any of the 82 measured conditions (Figure 3.2A). We also, for now, only consider unique 

peptides that deterministically map to a single protein to avoid circumstances such as shared 

peptides between different isoforms that would allow the linear model to cheat. We also avoid 

polluting our data with any razor peptides that are shared by completely different proteins, where 

the resulting measurement is a convolution. The remaining dataset contains comprehensive, 

quantitative measurements for 6,043 proteins in 82 different conditions. We simulate missing data 

by removing some of these values that we know the ground truth for, and then attempt to impute 

them. We start by removing 18 of the 82 different conditions (~22% data missing). The dataset is 

log transformed and standardized so that the magnitude of coefficients obtained are interpretable.  

      To highlight the advantages of regularized regression, we first compare it to ordinary least 

squares regression for the MCM protein complex. The relative abundances measured in each cell 

line of six members of the complex (MCM2, MCM3, MCM4, MCM5, MCM6 and MCM7) as well 

as randomized data are shown (Figure 3.2B). Pairwise pearson correlations are extremely strong 

between members of the complex and range between 0.96 and 0.98. Modeling the abundance of 

MCM4 as a function of the other members of the complex with ordinary least squares regression 

produces exceptional predictions that have a pearson r2 of 0.98 with the actual measurements 
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(Figure 3.2C). All five coefficients from the model are non-zero, although the coefficients from 

several proteins may be disproportionately large because of co-linearity (Figure 3.2C’). Next, we 

modeled MCM4 abundance (using cross-validation) with least squares using all 6,042 protein 

measurements in the dataset. Despite having more data, the obtained fit while still good with an 

r2
 of 0.91 (Figure 3.2D) is now significantly worse compared to using the other members of the 

MCM complex alone (Figure 3.2C). Further, all 6,042 proteins used in the model have a non-zero 

coefficient. It is extremely unlikely all proteins have some predictive relationship with MCM4. 

These problems are alleviated by the elastic net.  

      We construct a different elastic net regularized regression model (which contains 6,042 

coefficients that may or may not take on a non-zero value) for all other protein abundances as 

well as an intercept term (Equation 1). We perform a large 100 by 20 grid-search over different 

values of λ and α to consider 2,000 models with differing amounts of shrinkage and sparsity. For 

some proteins, only a few proteins in the model will be necessary to strongly predict the 

abundance, whereas in more complex cases small but real covariation from several thousand 

proteins may need to be integrated to obtain an accurate prediction. The best elastic net model 

is selected with cross-validation using a training and validation set. In the case of MCM4, a model 

with moderate sparsity and shrinkage is chosen (Figure 3.2E). Despite having only 61 proteins 

in the model with non-zero coefficients (Figure 3.2E’), it yields a prediction that is as accurate as 

the original least squares that was “given the answer” (Figure 3.2C). Further, without any pre-

specification, the elastic net correctly assigns the five largest non-zero coefficients to other 

members of the MCM complex (Figure 3.2E’). Almost all of the other non-zero coefficients appear 

to be involved in DNA biology. 

  

3.4.2 Regularized Regression Results 

      We investigated the actual coefficients used in elastic net inference for several other proteins 

from the breast cancer cell line model data set (Figures 3.2F – 3.2I).  Due to the large range of 
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sparsity and shrinkage that is considered during the grid search of 2,000 different elastic net 

models, some proteins will have imputed values with only a few predictors with large coefficient 

magnitudes, whereas some may have many coefficients each with a smaller magnitude.  

      PSMD8 (Figures 3.2F and 3.2F’) serves as another demonstration of the most familiar case, 

a pretty sparse model containing almost exclusively positive coefficients that correspond to other 

proteins that form a protein-protein interaction complex with PSMD8. This is reminiscent of work 

done by many other labs who have had great success in identifying protein-protein interactions 

by clustering data with sources of biological variation (Pan, 2018). Interestingly, however, this 

clearly is not the source of inference for all proteins. In the case of mTOR (Figures 3.2G and 

3.2G’), there is a comparatively large number of non-zero coefficients (44 times more than 

PSMD8), but a comparable prediction is obtained. We note the presence of many negative 

coefficients for mTOR, which are almost completely absent in the PSMD8 model. This is not 

surprising, given mTORs key role as a nutrient sensor in the cell, and we suspect there may be 

some novel biology contained in these coefficients. Intermediate levels of coefficient sparseness 

are chosen for PDIA3 (Figures 3.2H and 3.2H’) and ACTN4 (Figures 3.2I and 3.2I’).  

      The distribution of pearson r2 values between the elastic net prediction and the actual value 

for all 6,043 proteins in the dataset is shown in (Figure 3.2J). Surprisingly, we observe a very 

high median r2 of 0.82. The method appears to be robust: the 5th percentile still has an r2
 of 0.47, 

and 25 percent of the predictions have r2 that are 0.90 or higher.  

 

3.4.3 Comparing Measured and Imputed Datasets with Unsupervised Learning 

      The goal of imputing missing data is so that various types of statistical inference can be 

performed on a complete dataset. In light of this, we sought to compare the results we obtain from 

matrix decomposition and clustering between the measured data and the imputed data. Principal 

components analysis (PCA) was performed with 20 components on the measured data, as well 

as the measured data shuffled with replacement (Figure 3.3A) (all shuffling is done within  
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measurements for each protein, not between proteins). The fraction of explained variance of each 

component from the measured data (Figure 3.3A) with the imputed data (Figure 3.3A’) is similar.  

 

Figure 3.2. Missing values can be imputed with a median pearson r2 of 0.82 using 
regularized regression in a multiplexed breast cancer cell line dataset.  
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A) All missing values are removed from a sequentially inner merged version of 41 breast 

cancer cell lines measured in duplicate. The remaining data with no missing values is then 

used to simulate missingness. “Missing values” are used a ground truth to compare 

imputed data with. The dataset is partitioned into a test set that is never used during 

training, and training and validation sets that are used during cross-validation to select 

hyperparameters. Missing values are inferred using an elastic net that does a 100 x 20 grid 

search to select the optimal sparsity and shrinkage parameters. The best model is then 

selected and compared to the actual values. B) Example of relative abundances of MCM 

protein complex members in each cell line (colored) and compared to MCM4 data shuffled 

without replacement (grey). Note the extremely high correlation of all 6 protein complex 

members (pairwise pearson r2 range from 0.96 to 0.98 for different complex members). C) 

and C’) Ordinary least squares imputed protein abundance for MCM4 when modeled using 

the other five members of the complex alone, and the magnitude of the coefficients from 

the linear model. D) and D’) Ordinary least squares imputed protein abundance for MCM4 

when modeled using measurements for all 6,402 other proteins in the dataset. A worse, 

but still good prediction is obtained, but the magnitude of the coefficients is now statistically 

uninterpretable: all 6,042 proteins used in the model have coefficients with a non-zero 

magnitude. E) and E’) The best elastic net model (from a 200 x 20 grid search) for MCM4 

using all 6,042 protein measurements as inputs. Note that not only is an improved 

prediction obtained, but it is done using a much simpler model. The elastic net used 

performs variable selection: only 61 / 6,042 proteins in the dataset have a non-zero 

coefficient. F) and F)’ Prediction and best elastic net model for PSMD8. G) and G)’ 
Prediction and best elastic net model for mTOR. H) and H)’ Prediction and best model for 

PDIA3. I) and I)’ Prediction and best model for ACTN4. J) Distribution of predicted vs actual 

Pearson r2 values for all 6,043 proteins in the dataset was plotted using kernel density 

estimation (KDE) with a gaussian kernel and bandwidth of 0.1. 

 

Note the magnitude of the 3 components is larger in the imputed dataset relative to the measured. 

This suggests the imputation process over-imposes linearity. To look at the relationship between 

imputed and measured values for individual proteins, we compared the loading magnitudes for 

principal component 1 between the measured and imputed decompositions and observe an r2 of 

0.996 suggesting strong agreement (Figure 3.3B). No linear relationship is observed between 

shuffled versions of each dataset (Figure 3.3B’). A similar trend is observed for the loadings of 
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the second principal component (Figures 3.3C and 3.3C’). We further investigated the 

faithfulness of imputed values for individual proteins by comparing all pairwise pearson distances 

in the measured data (Figure 3.3D) and the imputed data (Figure 3.3D’). Consistent with our 

observations from PCA, we observe strong agreement between the imputed and predicted 

pairwise pearson correlations (Figure 3.3E). Again, we note a tendency to over-impose linearity: 

the variance of the pairwise r distribution is 0.039 in the measured data (Figure 3.3D), and is 

increased to 0.0485 in the imputed data. While this is not ideal, we note that the differences in 

magnitude are minor as demonstrated in their comparison (Figure 3.3E). Further, if the 

corresponding shuffled datasets are used as null distributions to determine the number of 

significant pairwise r relationships at a 1% false discovery rate, extremely similar results are 

obtained between the measured and imputed data. 

      The measured and imputed datasets were also compared with hierarchical clustering. The 

measured data was clustered using cosine distance and intentionally over-clustered with 1,000 

clusters for 6,043 proteins (Figure 3.3F). We examine the number of proteins in each cluster 

(Figure 3.3F’) from the measured data and selected the 6 clusters that contain the most proteins. 

We speculate these clusters contain different groups of proteins that have some of the highest 

covariance of all protein groups in the cell. We wanted to compare these groups between the 

measured and imputed data to see what fraction of the relationships could be faithfully recovered. 

We then re-performed clustering with all other proteins removed so that noise from other proteins 

would not influence the clustering process (Figure 3.3G). Not surprisingly, for the measured data 

identical clusters are recovered. The clusters are highly dependent on covariation in the 

measurements, and are completely ablated by shuffling the data (Figure 3.3G’). Remarkably, all 

but two of the 851 clustered proteins are correctly clustered with the imputed data (Figure 3.3G’’). 

Our results from both matrix decomposition and clustering suggest at least for this dataset, the 

imputed values can be successfully used for biological inference. 
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Figure 3.3. Comparison of entirely imputed data with measured data using various 

unsupervised learning approaches suggests faithful recapitulation of the 

measurements and underlying biology.  

A) Principal component analysis was performed using 20 principal components on either 

the measured data (green) or with the measured data after shuffling the measurements 

within each protein without replacement (grey). A’) Same as in A) but with using an 

entirely imputed data matrix (pink). The imputed data matrix was obtained with 20% of all 

data missing. B) Scatterplot of the loadings of the first principal component for the 
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measured data set compared to the imputed one. B’) Same as in B) but with the shuffled 

versions of each dataset. C) Scatterplot of the loadings of the second principal 

component for the measured data set compared to the imputed one. C’) Same as in C) 

but with the shuffled versions of each dataset. D) 36,511,806 pairwise Pearson r values 

were calculated for all possible protein pairs for the measured data (green) and for the 

same data shuffled without replacement (grey). These distributions are plotted using KDE 

with a gaussian kernel and bandwidth of 0.1 D’) Same as in D) but with the imputed data 

E) two dimensional KDE of measured versus imputed pairwise pearson r distributions 

with a gaussian kernel and bandwidth of 0.1. F) Hierarchical clustering was performed on 

all 6,043 proteins in the measured dataset using cosine distance as the distance metric 

and a linkage type of average. The 6 clusters with the largest number of members are 

colored when a dendrogram distance threshold such that there are 1,000 distinct clusters 

is used F’) Number of proteins found in each cluster from the hierarchical clustering in F) 

when n = 1,000 clusters. G) Proteins from the top 6 clusters by membership were re-

clustered using the same parameters as in F) but without the other proteins present. G’) 
The same proteins as in G) were clustered, but the data was shuffled without 

replacement. All proteins are misclustered. G’’) The same proteins from G) are clustered 

using the same parameters with the imputed dataset. Only 2 of the 851 proteins are 

misclustered.  G’’’) Shuffled imputed data is clustered as in G). All proteins are 

misclustered. 

3.4.4 General performance and extensions 

      We consider the more general case where varying amounts of missing data occur for a given 

protein in the breast cancer cell line dataset (Figure 3.4A). We simulated datasets with either 

20%, 40%, 60%, or 80% of all data missing for each protein and inferred each value using the 

same elastic net pipeline (Figure 3.2A). As expected, the median r2 decreases as more data is 

missing and the model has less data to train with. However, we observe only a modest decrease 

in the median r2 from 0.82 to 0.73 when comparing 20% data missing to 40% (Figure 3.2D). With 

60% of the data missing, decent predictions can be made in some cases, but extremely poor 

predictions become more common and the median r2 decreases to 0.50. Finally, when 80% of the 

data is missing most predictions are poor. We speculate that there is likely to be a non-linear 

relationship between absolute number of missing values and percentage of missing values in 

large datasets. We would expect that in larger datasets, a large amount of the total covariation  
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Figure 3.4. Regularized regression imputation generalizes to other datasets from 

the literature and to phosphopeptides.  

A) Missing values were imputed with either 20%, 40%, 60% or 80% of the total data missing 

from the breast cancer cell line dataset. Distributions are estimated using KDE with a 

gaussian kernel and bandwidth of 0.3. B) Comparison of pearson r2 of imputed versus 

measured for a published dataset with 110 mice livers measured with TMT-MS3 10-plexes. 

C) Comparison of pearson r2 of imputed versus measured for an unpublished dataset of 

80 different detergent extraction conditions from HeLa cells where the amount of soluble 

versus pelleted by 20 minutes of 20k rcf centrifugation was measured with TMT-MS3 10-

plexes. D) Comparison of pearson r2 of imputed veruss measured for a published TMT-

MS3 phosphopeptide dataset of kinase and phosphatase deletions in yeast. 
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possible can be sampled in ~100-200 samples, and it could be possible to obtain accurate 

predictions on datasets with ~1000 samples with 80% of the data missing. 

      We applied our regularized regression approach to several other large quantitative 

multiplexed datasets to assess generality. One studied consisted of 110 mice livers all from 

different mice: equal amounts male or female, each with either a high fat or low fat diet (Chick, 

2016). In agreement with the breast cancer cell line dataset, we observe strong predictions for 

the upper three quartiles of the data, however we observe a much lower 5th percentile (r2 of 0.14 

compared to 0.47) (Figure 3.4B). Values close to 0 may be due to either insufficient data/poor 

modeling or for a subset of proteins there is minimal covariation and they are not predictable. We 

also consider some unpublished work from our own lab where we vary many different detergent 

extract conditions to a tissue culture lysate of a single cell line. After exposure to a given detergent 

extraction condition, lysates are pelleted and the proteins in the pellet were quantified and 

compared. Again, we observe strong predictions for most of the data (Figure 3.4C). We also 

investigated the extent to which phosphopeptides from quantitative phosphoproteomics studies 

are imputable using a published dataset of 110 yeast kinase/phosphatase deletions that was 

recently published (Li, 2019). Imputation of phosphopeptides appears to be more difficult, but a 

moderately strong median r2 of 0.69 between imputed and measured is still obtained (Figure 

3.4D).  

3.4.5 Interpretation of elastic net coefficients 

      We hypothesize that the underlying biological covariation that enables our imputation 

approach may contain novel biology and be of interest. An overview of all elastic net coefficients 

obtained from the best model for all 6,043 proteins in the breast cancer cell line data set is shown 

in (Figure 3.5A). As expected due to the shrinkage methods employed, almost all coefficients are 
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either 0 or very close to 0. However, we can see that a small number of coefficients contain 

comparatively large values in both the negative and positive directions.  

      We speculate that certain subsets of proteins inside the cell might be much stronger regulators 

of protein abundance than others (and hence have large coefficients in many of the elastic net 

models constructed). To investigate this, we considered only the top 1 percentile of coefficients in 

a given direction, and then counted how many of the coefficients correspond to each of the 6,043 

proteins in this dataset. The distribution of these counts is shown for negative coefficients in 

(Figure 3.5B) and for positive coefficients in (Figure 3.5C). One possible interpretation of this 

data is proteins who are assigned large coefficients in the models of many other proteins 

negatively or positively regulate the abundance of many proteins. We note that both distributions 

contain extremely long tails and contain dynamically regulated proteins of interest. 

 

Figure 3.5. Interpretation of elastic net coefficients from the breast cancer cell line 

dataset  
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A) Scatter plot of all 36,511,806 elastic net coefficients selected by all of the models 

constructed to infer the protein abundances for all 6,043 proteins from the breast cancer 

cell line inference with 20% of all data missing in Fig 2). Shown in grey is the percentile 

and in red is the value at that percentile of a coefficient. B) The bottom one percent of 

negative coefficients (βi < -.014) with the smallest magnitude were analyzed, and the 

number of times each coefficient corresponded to a given protein were counted. Proteins 

with large numbers of negative coefficients in the selected models may negatively regulate 

the protein abundance of many other proteins. C) Same as in B), except with the top one 

percent of positive coefficients (βi > .021). These proteins may increase the abundance of 

many other proteins. D) The bottom one percent of negative coefficients (βi < -.014) with 

the smallest magnitude were analyzed, and the number of negative coefficients with βi 

below -.014 within a single model for a given protein were counted. Proteins with many 

negative coefficients may be negatively regulated simultaneously by many other proteins. 

E) Same as in D) but for the top one percent of positive coefficients with βi > .021. The 

abundance of these proteins may be positively regulated simultaneously by many other 

proteins. 

 

      We then considered the opposite question: if we again consider the top 1 percentile of 

coefficients in a given direction, but now count how many of these large coefficients were present 

in each model (used to infer the abundance of a single protein), this may shed light on how many 

different proteins regulate the abundance of the protein that is the object of the inference. We 

observe a much more disperse distribution for both negative coefficients (Figure 3.5D) and 

positive coefficients (Figure 3.5E). Interestingly, the most strongly regulated protein in both 

directions is the kinase MAPKKK. We also note the presence of other kinases and transcription 

factors.  

 

3.5 Conclusion 

We have considered the problem of imputing missing values that occur when two or more 

multiplexed proteomics experiments that contain relative ratios are internally normalized by a 

“bridge” channel and combined. We construct a ground truth dataset by manually removing values 
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from a pruned dataset that contained no missing values to begin with. These values serve as the 

ground truth that we infer. Our inference approach uses an elastic net, a flexible type of 

regularized regression that develops a diverse range of models ranging from little to extreme 

sparsity and shrinkage with the right parameters. The elastic net uses the underlying biological 

covariation that is inherently present in the datasets analyzed in this paper to impute missing 

values. The r2 between the imputed values and the ground truth did vary (particularly their lower 

percentiles) between different datasets, but median values of ~0.8 appear to be typical when ~20 

conditions are missing from a dataset with ~100 conditions. The faithfulness of the imputation 

decreases as the amount of data missing increases. 

We wish to emphasize that while the approach we outline is this paper appears to be quite 

successful with all three data sets that we examined, it is dependent on biological covariation 

being present. This approach will almost certainly not work with all data sets. We suspect “less” 

complex data that does not have gradual, but rather extremely sharp and sparse variation (eg. 

comparing immunoprecipitations of many different proteins) would not perform well because most 

things either do not change at all or change drastically and are essentially binary. The precision 

and accuracy of the underlying measurements is also critical, and our approach may be less 

successful with certain types of multiplexed measurements which have low signal to noise. 

Despite these potential disadvantages, we were surprised by how robust the approach is with the 

datasets that we have examined. We suspect that the application of regularized regression to 

large quantitative multiplexed proteomic datasets may not only be useful for inferring missing 

values, but may also be able to detect biological regulation that cannot be detected using more 

traditional methods such as clustering of pearson correlations. Strong negative regulation is of 

particular interest. 
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4.1 Abstract 

      Matching acquired mass spectra to peptide sequences remains a challenging problem in 

proteomics. We investigate the effects of using the target decoy search strategy to perform 

searches with “narrow” fragment ion tolerances of 20 ppm, which are commonly used in the 

literature. These are compared with much larger 5,000 PPM fragment ion tolerance searches, 

which often allow up to peptide sequences that differ by +/- 5 Da to be considered, scored, and 

ranked. We find doing such wide searches appears to significantly increase TPmax, the maximum 

number of true peptides that could be identified from a search, between 20 – 35% depending on 

the dataset analyzed. It appears that roughly 75% of this increase comes from peptides whose 

monoisotopic peaks have been mis-assigned. The target decoy properties of the comparatively 

wide 5000 PPM search was investigated using both intentional shifting of the precursor, as well 

as addition of many sequences from a distance biological species with no overlap. In cases where 

ideal target decoy behavior results in a TPmax of 0, we find that 5,000 PPM searches perform no 

worse than 20 PPM searches. Finally, we show that wide searches increase TPmax for Comet, 

Sequest, and Andromeda search algorithms. 

 

4.2 Introduction 

      Modern mass spectrometers (MS) are now capable of acquiring millions of MS/MS spectra 

during bottom up data-dependent analysis (DDA) of peptides from complex biological samples 

(Kim, 2014). Despite significant progress (Cox, 2008), matching acquired mass spectra to known 

biological sequences in a database remains a challenging problem even when all possible true 

sequences are known. Of central importance to standard DDA proteomics database searches is 

the faithful measurement of the intact peptide in the MS1 step, and the peptide fragments in the 

MS/MS step (Eng, 2015). Modern mass analyzers such as the orbitrap have revolutionized this 

process due to their extremely high mass accuracy (Hu, 2005). Well calibrated Orbitraps are 

typically capable of sub 1-ppm standard deviations in mass accuracy. The high mass accuracy of 
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modern orbitraps enable high accuracy measurements of the intact mass of a peptide in the MS1 

step. The measured monoisotopic mass of an intact peptide is used with a mass error tolerance 

(eg. 20 PPM, ~ +/- 20-50 s.d. of mass accuracy) to immediately eliminate the vast majority 

(typically 99.9%+) of other potential peptides in the database (Figure 4.1A). Different search 

algorithms then use similarity metrics such as a cross-correlation to compare the observed 

peptide fragment b- and y-ions from the acquired MS/MS with each of the remaining potential 

sequences in the database and rank them. The peptide with the highest cross-correlation is 

selected as the correct peptide for that spectra.  

      A critical question is how often mass spectra are assigned to an incorrect sequence. Different 

approaches for estimating this have been developed. One extremely popular approach is target-

decoy (Elias, 2007), where all protein sequences in a database are reversed and digested in silico 

and concatenated with the actual forward sequences found in nature (Figure 4.1B). Importantly, 

these reverse peptides are essentially all unique (Figure 4.1C) but have almost exactly the same 

mass distributions as true peptides (Elias, 2007). Thus, one can assume that for each reverse 

sequence match (definitely wrong) one can assume that there is a corresponding forward peptide 

(maybe wrong) that is also incorrect. By using forward and reverse spectra as labels and using 

various features associated with each spectra, one can build a classifier and classify peptide 

sequences as correct or incorrect at a given false discovery rate (FDR) (Huttlin, 2010). An 

informative metric for thinking about the sensitivity of a target decoy search is that of TPmax. TPmax 

is the maximum number of correctly assigned spectral sequences that can be recovered given 

the assumptions of target decoy are true and a classifier with a Bayes error rate of 0 is 

successfully developed. Thus, TPmax is the number of forward sequence matches minus the 

number of reverse sequence matches for a search. Searches with different algorithms and 

parameters can alter TPmax, and increasing TPmax is of extreme interest, as it typically leads to a 

corresponding increase in peptide identifications if a powerful enough classifier and features are 

used. 



66 
 

 

Figure 4.1: Overview of MS/MS database search and target decoy.  

A) An MS1 spectrum is acquired and an accurate m/z measurement is made of the intact 

peptide which allows most possibilities in the database to later be immediately eliminated. 

The peptide species is isolated, broken into pieces, and the m/z and intensity of its 

fragments are measured to create a fingerprint of the peptide in the MS2 scan. A similarity 

metric such as a cross correlation is computed between the observed MS2 fragments and 

all remaining possibilities from the database in silico. These possibilities are ranked by 

cross correlation and the best match is the sequence assigned to the spectrum. B) The 

database of sequences used during the search is comprised of two halves. One half (the 

target, green) is all true sequencing which have been determined from the sequencing of 

a species genome and subsequent gene models. The other half (the reverse, pink) is 

generated in silico by reversing all of the target sequences. The reversal process generates 

almost entirely unique peptide sequences with no overlap for peptides length 8 and larger, 

but physical properties such as theoretical m/z distributions are essentially identical.  
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      Here we investigate the properties of multi Dalton wide spectral searches (~5000 PPM) which 

are comparatively large relative to what is typically used (20 – 50 PPM). For context, the median 

m/z of a peptide identified in an analysis of unlabeled tryptic peptides is ~650 m/z. While a 20 

ppm precursor mass tolerance will only consider sequence possibilities that are +/- 0.13 m/z of 

the measured m/z, a 5000 ppm precursor mass tolerance will consider possibilities up to 3.25 m/z 

(which is +/- 6.5 Da for peptides with a charge of 2). We hypothesized that there are three main 

benefits of such large searches:  

      1) Most high-quality spectra will remain unchanged as compared to a narrow search and still 

match to the same sequence. The mass error of such a match should still be clustered very close 

to 0 PPM in mass error space. Low-quality spectra that give rise to reverses have 250 times more 

sequences to match to, and if they “switch” to a new match relative to a 20 ppm search, that match 

is likely to be very far away in mass error space. This should result in a large enrichment of 

forwards relative to reverses close to 0 mass error.  

      2) One can create a filter to discard peptides on the basis of physical evidence (observation 

of a peak). This is not possible with a 20 PPM search because a tolerance of ~10 PPM is typically 

needed for the filter itself. This filter confirms the presence of the matched monoisotopic peak +/- 

10 PPM, which is now only 1/500 of the search window space. Such a filter should be able to 

immediately discard a large number of forward and reverse sequence matches, which contain no 

physical evidence.  

      3) Detection of mis-assigned monoisotopic peaks (eg. off by 1.0033 Da: incorrectly assume 

M+1 is the M+0). A major assumption of narrow mass tolerance searches that only span +/- 0.02 

Da is that the monoisotopic peak has been correctly selected. If it has been incorrectly selected 

for various reasons, it likely to be further away in mass error space than the tolerance of the 

search. 
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4.3 Experimental Section 

      Except for Andromeda searches, the data were analyzed using the Gygi lab GFY software 

licensed from Harvard (Huttlin, 2010) to convert mass spectrometry data from the Thermo RAW 

file format to mzXML using ReAdW.exe (http://svn.code.sf.net/p/sashimi/code/), as well as correct 

incorrect peptide charge state and monoisotopic m/z assignments. Assignment of MS2 spectra 

was performed using either the Comet or SEQUEST algorithm by searching the data against the 

appropriate proteome reference set acquired from Uniprot (SwissProt + Trembl) along with 

common contaminants such as human keratins and trypsin on 08/07/2016. The target-decoy 

strategy was used to construct a second database of reversed sequences that were used to 

estimate the false discovery rate on the peptide level. We intentionally mislabeled our forward 

sequences as reverses, and has the true reverses in the top half of the fasta file, labeled as 

forwards. All searches were with high-resolution MS2 data and a fragment ion tolerance of 0.02 

Th was used. Where appropriate the static modifications for TMT (+229.162932 Da), NEM 

(+125.047679 Da), and/or carboxyamidomethylation (+57.0214637 Da) were used. When 

appropriate the differential modifications of oxidation of methionine (+15.99492 Da), deamidation 

of asparagine (+0.984016 Da), or carbamylation of lysine (+42.04695 Da) were used. 

 

4.4 Results and Discussion 

 

4.4.1 Effects of search window width on target decoy assignments 

      We performed 20 PPM (Figure 4.2A) and 5000 PPM (Figure 4.2B) precursor mass tolerance 

searches using the open source Comet search algorithm, allowing for oxidation of methionine as 

the only differential modification (Eng, 2015). The number of total spectral matches, ntot increased 

by 4.2% from 512,967 to 534,443. A much larger increase of 21.1% was observed in TPmax as it 

increased from 237,763 in the 20 PPM search to 287,757 in the 5,000 PPM search. This increase 



69 
 

was caused both by an increase in matches to forward sequences (+ 9.1%) as well as a decrease 

in matches to reverse sequences (- 9.3%). Zoomed in histograms of how the relative number of 

forward and reverse matches extremely close (+/- 5)  to 0 in mass accuracy space are shown in 

(Figure 4.2A’ and Figure 4.2B’). Despite ntot decreasing by 23.3% in the 5000 PPM search for 

peptides that are +/- 5 PPM of 0, the percentage of reverse peptides had a much larger decrease 

of 72.6% as they were reduced from 48,172 to 13,186. Thus, TPmax within +/- 5 PPM of 0 is only 

decreased by 2.9%, but the relative purity of forwards relative to reverses is increased by 311.4%. 

Note that this increase in purity is achieved almost exclusively by reducing the number of reverse 

sequences (-72.6%) at the expense of a small reduction in forward sequences (-14.8%). The 

enrichment of forwards relative to reverses close to 0 PPM scales with increased search width 

size at the increasing expense of TPmax(Figure 4.2C), and is concordant with the overall increase 

in number of possible peptide sequences considered (Figure 4.2D).  

 

Figure 4.2: Comet search with a 5000 ppm (~6.5 Da) peptide mass tolerance 

increases TPmax relative to a conventional 20 ppm (~.02 Da) search.  

A) PPM distribution for a 20 PPM Comet search of 24 reverse phase fractions of TMT-

labeled HeLa samples. Each raw file was normalized to have a median PPM of 0 to account 
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for Orbitrap drift. A’) Same search results as is A), but stratified to only include those 

peptides with a measured m/z within 5 PPM of the theoretical m/z. B) PPM distribution for 

a 5000 PPM Comet search of the same 24 TMT HeLa samples as in A) with all search 

parameters (other than precursor mass tolerance) the same as in A). B’) Same search 

results as in B), but stratified to only include those peptides with a measured m/z within 5 

PPM of the theoretical m/z. C) Ratio of (# of forward / # of reverse) within 5 PPM of 0 for 

Comet searches of relative sizes all relative to a Comet search size of 20 PPM (base case, 

100%). D) Number of database possibilities considered at a given search size for a 

prototypical peptide with m/z = 700 and z = 2. 

 

      While the increase in forward sequence purity close to 0 is helpful due to the importance of 

mass error in peptide sequence classifiers, this advantage alone would not increase the number 

of peptides identified by wide searches. However, we also noted a strong enrichment (Figure 

4.3A, black arrows) of forwards relative to reverses at PPM distances far enough from 0 that their 

measurement being incorrectly made by the orbitrap is physically improbable. Zoomed in regions 

of the negative (-2,000 to -250 PPM) and positive (250 to 2,000 PPM) of the 5,000 PPM search 

are shown in (Figure 4.3A’ and Figure 4.3A’’) respectively. These two regions account for 15% 

(42.8k / 284.8k) of the total TPmax achieved by the search. One interesting possibility is many of 

these peptides had their monoisotopic peak mis-assigned, and thus the difference between the 

theoretical and observed M+H of the peptide is much larger than what is considered in a 20 PPM 

search. Indeed, we observe a strong enrichment of forward sequences relative to reverses exactly 

in 1 Dalton increments between the theoretical and observed M+H of each peptide which is 

suggestive of mis-assigned monoisotopic peaks (Figure 4.3B). The keen eye will also note in the 

“valleys” closer to 0 there is a minor enrichment of forwards relative to reverses that is not seen 

more than 5 Daltons away. Zoomed in histograms of selected “valleys” display a forward 

sequence enrichment in portions of the -0.9 to -0.1 region (Figure 4.3B’) but not the -5.9 to -5.1 

region (Figure 4.3B’’). Such differences would be possible if the monoisotopic peak was mis-

assigned to a co-isolated peptide or nearby species in the MS1. 
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Figure 4.3: Most forward sequences enriched far from 0 in mass accuracy space are 

mis-assigned monoisotopic peaks  

A) Same data as in 1B) presented again here for convenience. A’) Data from 2A) stratified 

between -2000 and -250 PPM (hundreds to thousands of orbitrap mass accuracy s.d’s). 

The estimated TPmax in this region is 12,522, which appears to be far larger than expected. 

A’’) Same data as in 2A) stratified between 250 PPM and 2000 PPM. The estimated TPmax 

in this region is 30,311, which appears to be far larger than expected. B) Deviation in mass 

accuracy between measurement and theoretical based on assigned sequence in Daltons. 

Note the strong periodicity of both forward and reverse sequences. Additional enrichment 

in various places is observed, and is especially prominent in integer increments (black 

arrows). B’) Same data as in B), but stratified to examine Dalton deviations between -0.9 

and -0.1. Note a non-trivial TPmax of 2663 and areas of clear enrichment of forward 

sequences (black arrows). B’’) Same data as in B), but stratified to examine Dalton 
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deviations between -5.9 and -5.1. No enrichment of forward sequences is observed. C) 

The 66,141 with matched mass deviations between 250 and 2000 PPM from A’’ were 

converted to Dalton deviations as in B and then the modulo of 1.0033 (the monoisotopic 

mass of C13) was taken. Significant enrichment of forward sequences is observed at 0, at 

the expected mass for deamidation, and 1. C’) The same HeLa fractions were re-searched 

with a 5000 PPM search with identical parameters except deamidation of Asn was included 

as a differential modification and plotted as in C). The prominent peak at +0.984 is greatly 

reduced, but TPmax is still 16,579. 

 

4.4.2 Distinguishing deamidation and mis-assigned monoisotopic mass 

      One less interesting explanation for a portion of these data, those with a negative difference 

between Theoretical and Observed M+H with increments very close to 1, would be that this 

sample contains extensive peptide deamidation, a prominent post-translational modification of 

+0.98401 that occurs readily on both Asn and Gln at elevated pH and temperatures by a non-

enzymatic mechanism (Tyler-cross, 1991). Deamidation is frequently encountered during 

proteomic sample preparation (Hao, 2011). The strong periodicity surrounding integers in (Fig 3B) 

suggested to us that many monoisotopic peaks are mis-assigned either in integer C13 equivalents 

of +1.003304 or in deamidation equivalents of +0.98401. Due to the high mass accuracy of 

Orbitraps, it should be feasible to distinguish between +1.003304 Da and +0.98401 Da (would be 

a 13.8 PPM difference for a peptide with an m/z = 700 and z = 2). To distinguish these, we took 

the 1.0033 modulo of the difference between the Theoretical and Observed M+H for all peptides 

from 3A’’ (Figure 4.3C). Indeed, we do observe a peak consistent with deamidation, however this 

peak only accounts for 13.8k of the total 47.1k increase in TPmax. Performing a 5,000 PPM search 

with Asn deamidation as a differential modification mostly removes this peak (Figure 4.3C’), but 

strong forward sequence enrichment is still observed close to both 0 and 1, as well as minor, but 

reproducible enrichment throughout. In summary, searching with a large multi Dalton window of 

5,000 PPM instead of 20 PPM we observe an increase in TPmax from 237.7k to 284.8k. It appears 
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that while ~13.8k of this increase in TPmax is consistent with deamidation, the remaining 33.3k is 

not, and is consistent with mis-assignment of the monoisotopic peak. 

 

4.4.3 Investigation of target decoy behavior of multi Dalton wide searches: 1) Precursor 

offsets and 2) Mixed species databases 

      Despite its wide use and tremendous success, the target decoy strategy is imperfect and is 

prone to overfitting towards true sequences due to the compositional bias of amino acids in real 

sequences and other complications that arise when differential modifications are used in searches 

(Fermin, 2013). We were concerned that target decoy may not behave properly in very large 

search spaces, and devised several experiments to investigate its behavior. First we asked how 

many forward and reverse sequences are assigned as the mass of the monoisotopic peak is 

intentionally shifted (Figure 4.4). With no shift, the data in (Figures 4.4A, 4.4A’, and 4.4A’’) is 

the same as in previous figures. With a +2.0 Da shift, TPmax decreases from 278,719 to 14,674 

for a 20 ppm search. TPmax should be 0 here, suggesting some limitations of target decoy, even 

with small searches. Due to the large search space of 5,000 PPM, many forward peptides are still 

recovered as expected both with a +2.0 Da shift (Figure 4.4B’ and Figure 4.4B’’) and with a +4.0 

Da shift (4C’ and 4C’’). Of most importance, is how the 5,000 PPM search behaves when the 

precursor mass is shifted by such a large amount that the true answer lies far outside of the 5,000 

PPM search space. After filtering for peptides with no physical evidence (as we do in all of our 

5,000 PPM searches), we observe a TPmax of 7,293 (Figure 4.4D’) which is within the margin of 

error of what is obtained with a typical 20 PPM search (Figure 4.4D). We conclude that the target 

decoy behavior is consistent with a typical search when the precursor mass is shifted far outside 

the search space.  
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Figure 4.4: The target decoy behavior of 5000 PPM searches is no worse than 20 
PPM searches when the precursor mass is intentionally shifted.  

A) Same data and search as in 1A) A’) Same data and search as in 1B) A’’) Mass 

deviations in Dalton space from 3A’ search.  B) 20 PPM precursor mass tolerance search 

with the n-termini of all peptides statically modified by +2.0 Da.  B’) 5000 PPM precursor 

mass tolerance search with the n-termini of all peptides statically modified by +2.0 Da.   B’’) 
Mass deviations in Dalton space from 3B’ search. C) C’) and C’’) All the same as in B 
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except n-termini statically modified on all peptides by +4.0 Da. D) D’) and D’’) All the same 

as in B except n-termini statically modified on all peptides by +113.08406 Da. 

 

      We also investigated how multi Dalton searches deal with a multi-species database. We 

added ~60k unique protein sequences from Haloarcula to our human protein reference, and 

performed searches with all sequences from both species present. The very small number of 

tryptic peptides contained in both species (<.01%) were manually removed. The 20 PPM search 

has a very modest decrease in TPmax from 278.7k to 276.8k for the unique human sequences 

(Figure 4.5A’) as compared to human alone database (Figure 4.4A). We observe a modest TPmax 

of 514 (out of 550k MS/MS) for unique Haloarcula peptides with a 20 PPM search (Figure 4.5A). 

5,000 PPM searches appear to behave in a very similar manner compared to the 20 PPM in the 

mixed species challenge. We observe a TPmax of only 669 (out of 550k MS/MS) for unique 

Haloarcula sequences (Figure 4.5B), and a decrease in TPmax from 333.3k (Figure 4.5A’) to 

330.9k (Figure 4.5B’). Thus, multi Dalton wide searches do not appear to disproportionately 

enrich for forward sequences when a large amount of the database is from a species not found 

in the sample. 

 

4.4.4 Generality of wide searches to different data sets and search algorithms 

      We were curious how general the behavior of wide multi Dalton searches relative to 20 ppm 

searches is. We examined four different “high-high” datasets from various publications in the 

literature where the MS/MS spectrum was acquired with an FTMS resolution of at least 15k 

(Kulak, 2017 and Meier, 2018), and observed increases in TPmax ranging from +23.5% to +35.2% 

(Figures 4.6A-4.6D). We further examined the generality of wide searches to different search 

algorithms with a “high-high” mouse cerebellum dataset (Figures 4.7A-4.7C). As expected, we 

observe extremely similar behavior between Comet (Figure 4.7A) and Sequest (Figure 4.7C). 

We also observe a significant increase in TPmax using Andromeda (Figure 4.7B). 
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Figure 4.5: The target decoy behavior of 5000 PPM searches is no worse than 20 

PPM searches when half of the sequences in the search database are from 
Haloarcula, a species where essentially all peptides have unique sequences 

compared to human.  

A) Mass accuracy distribution of forward and reverse sequences matches to unique 

Haloarcula sequences for 20 ppm Comet search A’) Mass accuracy distribution of forward 

and reverse sequences matches to unique human sequences for 20 ppm Comet search 

B) Mass accuracy distribution of forward and reverse sequences matches to unique 

Haloarcula sequences for 5000 ppm Comet search B’) Mass accuracy distribution of 

forward and reverse sequences matches to unique human sequences for 5000 ppm Comet 

search 
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Figure 4.6: Multi Dalton wide searches increase TPmax in comet searches with 

multiple datasets.  

A) 24 reverse phase fractions from a mouse cerebellum were searched with either a 20 

ppm or 5000 ppm comet search with all other settings the same. The total number of 

forward sequences matched are indicated in light green for the 20 ppm search and dark 
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green for the 5000 PPM search. The number of reverse sequences are indicated in light 

pink for the 20 ppm search and dark pink for the 5000 PPM search. TPmax is indicated in 

light purple for the 20 ppm search and dark purple for the 5000 PPM search. B) Same as 

in A) but with 24 reverse phase fractions of human HeLa cells C) Same as in A) but with 8 

reverse phase fractions from human EC cells D) Same as in A) but with 8 reverse phase 

fractions from human A549 cells 

 

4.5 Conclusion 

    

      We have shown that there are multiple benefits to wide multi Dalton searches relative to the 

comparatively small 20 PPM precursor mass tolerance searches that are performed in the 

literature. These disproportionately enrich for forward sequences relative to reverse sequences 

very close to 0 in mass error space, and result in typical enrichments of ~300%. 5000 PPM 

searches also are able to significantly increase TPmax, the maximum number of true peptide 

sequences resulting from a search done with target decoy. These increases were between 20% 

and 35% in five different datasets that were analyzed. Approximately 75% of the increase in TPmax 

appears to be from mis-assignment of the monoisotopic peak. We investigated to what extent 

deamidation may be confused with mis-assignment of the monoisotopic peak, and found that we 

were able to distinguish between deamidated peptides (+0.984 Da) and the most common 

scenario for mis-assignment of the monoisotopic peak (+1.0033 Da). In the dataset analyzed, we 

find evidence for 5% of total TPmax to be deamidated, and 15% to be from mis-assigned 

monoisotopic peaks. Many of the mis-assigned monoisotopic peaks are off in increments of 1 Da 

suggesting that either the M+1, M+2 or M+3 peak was mistaken for the M+0. We also observe a 

smaller subset of peptide sequences where the difference between the theoretical and observed 

mass is off by a value very different from 1 Da. These are likely to be peptides that have had their 

monoisotopic peak mis-assigned to a completely different species in the MS1. 

       



79 
 

 

Figure 4.7: Multi Dalton wide searches increase TPmax in multiple widely used search 

engines.  

A)  Results from searching 24 reverse phase fractions of mouse cerebellum with Comet, 

same data as in 6A) replotted here for convenience B) Same as in A) but with Andromeda 

and MaxQuant C) Same as in A) but searches were performed with Sequest 

 

      We investigated the fidelity of the target decoy assumptions with 5000 PPM searches by 

comparing them 20 PPM searches in two different scenarios. In cases where the precursor mass 

is intentionally shifted out of the search range, and TPmax should equal 0, both searches have 

similarly small values for TPmax. Further, when a search is done by concatenating 60k sequences 

from Haloarcula, which give rise to unique peptides not found in the human proteome, we find 
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again that 5,000 PPM searches give a TPmax for unique Haloarcula sequences that is very small 

to 0, suggesting that target decoy is working as intended. Finally, we find that the approach of 

using multi Dalton searches to increase TPmax appears to generalize to multiple algorithms, as we 

observe significant increases using Comet, Andromeda, and Sequest searches. 
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5.1 Abstract 

Understanding how molecules interact and give rise to complex assemblies with defined 

morphology and size is an important problem in cell biology that remains poorly understood. 

Addressing this question for any system first requires us to qualitatively understand what 

components are involved, but it also requires us to develop a quantitative framework to describe 

the rate and extent of assembly for all components in the system (Marshall 2004, and Chan, 

2012). Once a quantitative understanding is achieved, changes in molecular compositions on the 

nanometer scale of a given system can be linked to changes on the micrometer scale such as 

size and shape control. The mitotic spindle is one system where a quantitative framework needs 

to be established. The spindle is a dynamic macromolecular complex, which plays an essential 

role in cell division, and undergoes dramatic changes in size scaling. Attempts have been made 

to isolate spindles and identify all associated proteins (Sauer, 2005), but these were done with 

washes that perturb native dynamics of microtubules and may remove weakly bound components 

that exchange rapidly.  Here, we use recent developments in quantitative proteomics to make 

quantitative measurements of binding to the individual components (microtubules and DNA) of 

spindles as well as spindles themselves. We measure partition coefficients for thousands of 

proteins in X. laevis extracts with taxol stabilized microtubules and chromatin. We develop several 

assays that serve as a proxy for affinity and are able to distinguish between the relative affinities 

of both microtubule and DNA binding proteins. We observe strong differences in microtubule 

binding between mitosis and interphase. We also observe strong differences in binding dependent 

on the phosphorylation state of the extract, which may be responsible for the differences observed 

between the two cell cycle states. We have developed a rapid filtration approach that is capable 

of isolating spindles directly from X. laevis extracts without dilution of the cytoplasm and use this 

approach to measure spindle partition coefficients and stoichiometries for thousands of proteins.  

 

5.2 Introduction 
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      Mitotic and meiotic spindles assemble transiently in M-phase of the cell cycle to segregate 

chromosomes and have long served as a paradigm for dynamic sub-cellular organization. Their 

major known constituents are chromatin and microtubules, which can be viewed as biochemical 

compartments comprising hundreds of interacting proteins. Genetic and biochemical 

investigations over decades have probably identified all the protein components of spindles with 

major roles in assembly and function. However, we lack measurements of the absolute 

concentration of these components and their binding affinities for microtubules, DNA and each 

other. This is a barrier to quantitative understanding and computational simulation.         

      Spindle microtubules are highly dynamic. The majority have free plus and undergo rapid 

dynamic instability, exchanging subunits with a cytoplasmic pool on a time scale of tens of 

seconds, while a less abundant subset attaches to kinetochores and undergoes slower turnover 

dynamics. Here, we work with large meiosis-II spindles assembled in extract from unfertilized 

Xenopus eggs, where the vast majority of microtubules do not attach to kinetochores. It is likely 

that all the components of the microtubule compartment in spindles exchange with soluble pools, 

but apart from tubulin itself, and photobleaching studies of a few MAPs and motors, we know little 

about soluble pool sizes or exchange rates. One interesting measurement for any spindle protein 

is the spindle to cytoplasm partition coefficient (PC), which quantifies the degree to which a protein 

is enriched in the spindle. One way to define the spindle proteome is the sum of all proteins with 

PCs >1. When combined with the total concentration of a protein in the cell, PC determine 

concentrations in spindles, which is an important parameter in quantitative models for spindle 

assembly and function. PCs can be measured by imaging, but this requires a non-perturbing 

fluorescent tag, and is challenging to implement across the whole spindle proteome. Here, we 

report a proteomic method for measuring PCs in Xenopus egg extract spindles.  

      Proteomics provides a powerful method for analyzing the composition of spindles, but there 

are major challenges in how best to isolate spindles, distinguish specific vs non-specific 
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components in an unbiased manner and extract quantitative information from proteomic lists. All 

published protocols for spindle isolation involve stabilizing spindles and washing away soluble 

subunit pools, which removes weakly-bound proteins and makes measurement of PCs difficult. 

Here, we report a method for rapid isolation of mitotic spindles from Xenopus egg by filtration, 

without any wash steps or other perturbations. This allowed measurement of PCs and definition 

of un-perturbed spindle proteome for the first time. Measuring PCs was possible thanks to recent 

developments in quantitative, multiplexed proteomics using tandem mass tags (TMTs) (McAlister, 

2014 and Sonnett, 2018) that enable accurate measurement of relative abundances of thousands 

of proteins in up to 16 conditions simultaneously (Thompson, 2019). Converting relative 

abundances between samples into absolute concentrations in a given sample requires a 

calibration standard. This calibration is feasible across the whole proteome in Xenopus egg 

extract by referencing experimental measurements to a carefully curated database of absolute 

concentration of ~8000 proteins in the Xenopus egg (Wühr, 2014).  

      Why should we care about spindle PCs? One reason is to define a spindle proteome as the 

sum of all spindle enriched proteins, and thus test for the presence of previously unidentified 

compartments in an unbiassed manner. From a biochemical mechanism perspective, PCs are 

related to Kds for binding to other spindle components, and thus reflect the energy of the non-

covalent bonds that collectively generate the spindle. Spindle assembly is a paradigm for the 

more general problem of building multi-component assemblies inside cells. The conceptual basis 

of multi-component assembly is fairly well understood for nm-scale molecular machines with 

defined stoichiometries such as ribosomes. It is much less understood for micron-scale dynamic 

assemblies like the spindle. A priori, spindles might assemble in two regimes: binding protein 

limited, where many sites are unoccupied at steady-state, or binding site limited, where proteins 

compete for limited sites that are saturated. Xenopus eggs contain large stockpiles of mitotic 

spindle subunits. Binding sites on DNA are likely to be saturated with high-affinity binding proteins 
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such as histones. Microtubule binding proteins tend to bind with lower affinities, and whether the 

microtubule surface is saturated is unknown. Proteins could bind to microtubules cooperatively, 

indirectly, via dissipative biochemical reactions or with GTP/GDP lattice preferences 

      Here, we first coupled biochemical assays in clarified, concentrated high-speed supernatants 

from X. laevis extracts to examine microtubules and DNA binding proteins individually. The lack 

of membranes enables the dilution, freezing, and control required to perform systematic binding 

experiments that measure protein affinity systems-wide. We then begun to undertake similar 

efforts on spindles isolated directly from X. laevis extracts. Our progress is a major step toward a 

full biochemical description of the spindle. It also demonstrates the power of quantitative 

proteomics as an analytic tool for multiplexed measurement of biochemical parameters in multi-

component assemblies.   

 

5.3 Results and Discussion 

 

5.3.1 Partition coefficients for microtubules and chromatin in X. laevis clarified extracts 

      While the ultimate goal of this paper is the isolation and analysis of spindles, we first started 

with the analysis individual microtubules and DNA in clarified X. laevis extracts. While these 

systems are much simpler than the spindle in that the amount of binding lattice can be fixed, there 

still may be up to hundreds of proteins binding simultaneously with varying affinities. We 

developed binding assays to isolate microtubules and chromatin directly from X. laevis clarified 

high-speed supernatant (C-HSS) to measure to what extent all proteins when present at their 

endogenous concentration bind microtubules and DNA. Importantly, the C-HSS was prepared so 

that the absolute concentrations of proteins present is comparable to that in the egg (ref Groen). 

The fraction of each protein bound to the microtubule pellet and remaining in the tubulin depleted 

supernatant was measured for 4,983 X. laevis contigs and mapped to 3,567 human gene symbols 
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(Wühr, 2014), and presented as a partition coefficient (PC) (Figure 5.1A). The black distribution 

shows the log2 microtubule PC for all proteins. The vast majority of proteins appear to not bind 

microtubules at all. Tubulins and 19 other known microtubule binding proteins (MBPs) from the 

literature were used to plot a distribution with the same normalized area in red (Figure 5.1A). The 

median of this distribution is 9.9 log2 units larger than the median for all proteins indicated a faithful 

enrichment of microtubules and their associated proteins. Many proteins appear to have partition 

coefficients in this assay that are higher than the maximum chemical signal to noise of TMT-MS3 

(Sonnett, 2018) and are reported as a value of >100. Despite this limitation, differential affinity 

between MBPs is apparent. EML4, CKAP5, MAP1S, CKAP2, and TPX2 all have PCs that are 

similar to tubulin and are too high to be measured accurately. In contrast, more modest PCs are 

observed for MAP4, KIF11 (Eg5), HAUS5, MAP7D1 (Ensconsin), and AURKB. CKAP2 is of 

interest, in other assays it scores as with a significantly higher affinity than virtually any other MBP. 

It is much smaller (~70 kDa) than CKAP5 (~227 kDa), and its role in microtubule biology and the 

spindle is unknown.  

 

Figure 5.1: Partition coefficients for most proteins in X. laevis clarified high speed 
supernatant (C-HSS) for microtubules and chromatin.  

A) All endogenous tubulin from CSF C-HSS was polymerized into microtubules with 50 uM 

Taxol at 18 C for 30 minutes. Microtubules were pelleting by ultracentrifugation without 

dilution, and the pellet and supernatant were quantified for 3,567 gene symbols. Shown in 

black is the distribution of log2 MT PC for all proteins. The red distribution contains alpha 

and beta tubulin as well as 19 additional proteins known to bind microtubules from the 

literature. The PCs (on a linear scale) for a hand selected group of proteins are shown on 
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the right. Gene symbols that are colored also have their PCs indicated in B). B) X. laevis 

sperm was added as a source of DNA to a final concentration of 100,000 sperm/uL in CSF 

C-HSS at 18 C for 30 minutes. Sperm were isolated by ultracentrifugation without dilution, 

and the pellet and supernatant were quantified for 3,567 gene symbols. Shown in black is 

the distribution of log2 chromatin PC for all proteins. The PCs (on a linear scale) for a hand 

selected group of proteins are shown on the right. 

 

      PCs were also measured for all proteins versus chromatin by a similar approach using X. 

laevis sperm as a DNA source (Figure 5.1B). The median chromatin PC between all proteins and 

a selected group of 15 chromatin binding proteins differed by 8.3 log2 units. We observe many 

canonical DNA-binding proteins with high chromatin PCs including various histones, TOP2B, 

HMGA2, NCAPG (condensin), and SMC4. Specialized histones (H2AFY, H2AFY2, H2AFX, 

H2AFV, and H1FOO) had PCs >100 whereas most core histones (HIST1H2BJ, HIST1H1D, 

HIST1H1B, and HIST1H4A) had PCs ranging between 20 and 50. We color coded a subset of 

same proteins to compare their microtubule and chromatin PCs (Figure 5.1A and Figure 5.1B). 

Despite relatively little tubulin binding to chromatin, we observe a subset of MBPs (KIF4 and 

CKAP2 shown, many others not shown) that appear to bind tightly to chromatin. These spin downs 

were done in the presence of 20 uM nocodazole to eliminate any tubulin polymerization. 

Chromatin spin downs that were done without the addition of nocodazole increased the PCs of 

many of these MBPs, but not all (data not shown). We also observe that some proteins that score 

as strong chromatin binders (eg. ZNF638) also display a moderate affinity for microtubules. These 

observations prompted us to seek more quantitative measurements of affinity for both 

microtubules and DNA. 

 

5.3.2 Apparent affinity of proteins for microtubules 

      We developed a microtubule polymerization assay by mixing various amounts of Taxol and 

nocodazole to pre-clarified CSF C-HSS supplemented with 60 uM of exogenous bovine tubulin to 

increase the maximum amount of microtubules that can be in polymer form (Figure 5.2A). Five  
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Figure 5.2: Apparent affinity measurements for microtubules and DNA by varying 

amount of lattice.  

A) Pre-clarified CSF C-HSS was supplemented with 60 uM exogenous bovine tubulin. A 

wide range of stable concentrations in microtubules was achieved by adding both taxol and 

nocodazole in varying ratios at 18 C for 30 minutes, sufficient time for the amount of tubulin 

in polymer form to reach steady state. Shown are images of 3 of 5 different relative ratios 

of taxol/nocodazole used. B) The relative remaining protein abundance in the supernatant 

was measured after pelleting microtubules present at varying concentrations. Four 

glycolytic enzymes (grey) remain relatively constant while three microtubule binding 

proteins demonstrate differential affinity for microtubules. C) Affinity curves for all 

microtubule binding proteins from the experiment in A) and B). D) A similar experiment was 

performed with DNA except varying DNA concentrations were achieved by titration of X. 
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laevis sperm added to pre-clarified CSF C-HSS. Three histones and Polo kinase 1 are 

highlighted. 

 

different relative concentrations of taxol and nocodazole were chosen such that the 100% taxol 

condition resulted in 24.2 uM of microtubules formed and 700 nM of microtubules were formed in 

the condition with the least amount of microtubules. While this is a small dynamic range, we note 

that all MBPs are present in the extract at their endogenous concentration and many of these 

proteins are exerting activities that directly influence polymer formation. After microtubules were 

formed at various concentrations, they were isolated without dilution by ultracentrifugation and 

the relative amount of protein in the supernatant was measured. The relative abundances in the 

supernatant for four glycolytic enzymes with no known microtubule binding activity are shown in 

grey (Figure 5.2B), and the binding profiles for MAP4, EML4, and TPX2, three MBPs of interest 

are also shown. MAP4 and EML4 are two of the most abundant MBPs in extracts (~950 nM) and 

(~350 nM) respectively (Wühr, 2014). TPX2 has a more modest concentration of ~90 nM. We 

observe significantly weaker binding for MAP4 relative to both EML4 and TPX2. The binding 

profiles for all MBPs detected in this assay are shown in (Figure 5.2C). We observe a wide range 

of apparent affinities. An analogous titration experiment was done for DNA by varying the amount 

of chromatin added to CSF C-HSS before subsequent ultracentrifugation and isolation. Consistent 

with our PC measurements we observe much tighter binding of histones relative to PLK1 and 

other DNA binding proteins (Figure 5.2D).  

      Microtubules have extremely different dynamics and functions in interphase and mitosis and 

we wondered to what extent the affinities of MBPs different for microtubules between the two 

states of the cell cycle. We developed an assay to measure salt sensitivity of MBPs as a proxy 

for affinity (Figure 5.3). MBPs (with the exception of EML2) are clearly much more salt sensitive 

in CSF extract than in interphase. We hypothesized at least part of this difference in affinity may 

be due to many MBPs being highly phosphorylated in mitosis but not in interphase (Olsen, 2010).  
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Figure 5.3: Salt sensitivity is measured as a proxy for affinity for a subset of 
microtubule binding proteins in CSF and interphase pre-clarified C-HSS.  

A) Microtubules were formed in CSF C-HSS by the addition of 5 uM taxol at 18 C 

for 30 min and isolated by 10-fold dilution and ultracentrifugation. The microtubule 

pellet was carefully washed and re-suspended in a physiological buffer with 

varying concentrations of KCl for 5 minutes at 4 C. Microtubules were re-diluted 

and their relative abundance in the pellet was quantified by TMT-MS3. B) Same 

as in A) but for interphase C-HSS. 

  

      To investigate the effects of phosphorylation on MBPs binding to microtubules, we formed 

microtubules in presence of different kinase inhibitors, DMSO, or a cocktail of phosphatase 

inhibitors (Figure 5.4). We intentionally used the pan-kinase inhibitor staurosporine to inhibit as 

many kinases as possible, thus presumably reducing phosphorylation as much as possible due 

to many phosphatases being constitutively active. We also added a panel of kinase inhibitors 

whose primary pharmacological target is of central importance to microtubule biology in CSF 

extract. BI was developed as a PLK1 inhibitor, ZM as an AURKB inhibitor, MLN as an AURKA 

inhibitor, and Flavopiridol as a CDK1 inhbitor. Despite their design, these inhibitors likely engage 
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other kinases, especially at the concentrations we are using. We performed four biological 

replicates made from different extracts and observe strong agreement between each replicate. 

The most striking result was the strong decrease in microtubule binding of most MBPs upon 

addition of the phosphatase inhibitors microcystine (2 uM) and cyclosporine (2 uM) (Figure 5.4A). 

For a wide array of MBPs we see a difference of at least 16-fold in relative binding between the 

condition where phosphatases are inhibited and when most kinases are inhibited with 

staurosporine (Figure 5.4A). This suggests to us that the microtubule binding activity of this group 

of MBPs can be strongly modulated and buffered by phosphorylation state. Interestingly, we also 

observe groups of MBPs that have either only moderate phosphorylation buffering of binding 

(Figure 5.4B) or none at all (Figure 5.4C).  

 

5.3.3 Measuring the composition of CSF metaphase spindles with endogenous dynamics 

      Despite the diverse array of binding activities observed between MBPs and taxol stabilized 

microtubules under different conditions, endogenous microtubules in spindles are extremely 

dynamic and are likely to have a different composition. Faithful isolation of spindles from CSF 

extract is a challenging problem. Spindles will disassemble if diluted by more than ~10% and 

addition of microtubule stabilizers such as taxol will not only alter dynamics which will likely 

change their protein composition, but will also cause background polymerization. To overcome 

these limitations, we developed a rapid filtration approach capable of isolating metaphase 

arrested spindles directly from crude CSF X. laevis extract (Figure 5.5A). Importantly, the 

approach is capable of spindle isolation with the spindle surrounded by 1x cytoplasm the entire 

time, preserving its endogenous composition. On any time scale, as spindles accumulate on the 

filter their effective concentration is increased and the endogenous composition may be altered, 

thus we sought to minimize the time of isolation and developed an approach that takes less than 

5 seconds. The assay was optimized so that minimal dead volume (estimated at ~10%) was 

trapped on the filter. Protein abundances from the filter and spindle depleted cytoplasm are 
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measured using quantitative multiplexed proteomics to obtain spindle PCs for thousands of 

proteins simultaneously. 

 

Figure 5.4: Phosphorylation status differentially affects microtubule binding activity.  

A) Microtubules were formed in CSF C-HSS by the addition of 5 uM taxol at 18 C, followed 

by addition of either DMSO or the indicated phosphatase/kinase inhibitors for 30 min and 

isolated by 10-fold dilution and ultracentrifugation in 4 biological replicates (pink, green, 

purple, and brown). The relative abundance of each protein bound to microtubules was 

quantified, and conditions were normalized to tubulin abundance (grey). Typically the 

largest difference in microtubule binding activity was observed between conditions treated 
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with staurosporine and the phosphatase inhibitors microcystine and cyclosporine. A subset 

of the microtubule binding proteins showing a large difference (>16 fold) are shown. B) 
Same as in A) but proteins with only moderate differences between staurosporine and 

phosphatase inhibition C) Subset of microtubule binding proteins displaying ~no difference 

between conditions.  

 

      Significant enrichment of gold standard spindle proteins from the literature is observed on the 

filter of isolated spindles relative to spindles that were depolymerized by treatment with 20 uM 

nocodazole for 10 min prior to filtration (Figure 5.5B). The assay shows strong reproducibility 

between biological replicates from extracts made from different frogs on different days (Figure 

5.5C). 

 

5.3.4 Stoichiometry of the Metaphase Spindle 

      The absolute concentrations for over 7,000 proteins in the X. laevis egg have been measured 

previously (Wühr, 2014). We integrated these measurements with our measured PCs to 

determine a stoichiometry for all proteins enriched in spindles (Figure 5.6). Microtubule binding 

and DNA binding categories were assigned using direct physical evidence from our previous 

isolations of microtubules and chromatin (Figure 5.1). In several cases, proteins that display no 

affinity for taxol stabilized microtubules or chromatin show substantial affinity for the spindle (eg. 

EB1). In these cases knowledge from the literature was used. We observe that ~37% of all protein 

molecules in the spindle are tubulin, with an excellent agreement between alpha and beta tubulin 

of 18.62% and 18.47% respectively. We find that 29% of all protein molecules in the spindle 

belong to proteins that score as microtubule binders in our taxol assay, but we don’t have direct 

evidence that they are all either directly bound to microtubules, or only bound to microtubules in 

spindles. Nevertheless, it is surprising that such a large number of microtubule binding protein 

molecules relative to tubulin molecules is observed given that in pure protein assays most MBPs 

typically saturate pure microtubules at ratios between 1:4 and 1:8 (Wallis, 1993). If most of these 
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MBPs are directly bound to microtubules, this may have important implications for spindle 

biochemistry and cell biology. During early development the spindle to cytoplasmic ratio changes 

drastically, and the spindle itself decreases substantially in size as the ratio of spindle to cytoplasm 

increases (Wühr, 2008). The upper limit of spindle size scaling appears to be controlled by 

diffusion of Ran-GTP (Decker, 2018), and it has been suggested that the linear region of spindle 

scaling is controlled by tubulin (Good, 2013). Our data suggest an alternative (or additional) 

explanation where MBPs may compete for binding sites on microtubules at higher spindle 

concentrations.  

 

Figure 5.5: Quantification of protein partition coefficients of spindles rapidly isolated 
from X. laevis extract by filtration  

A) Spindles were assembled at a concentration of 10,000 sperm/uL in CSF X. laevis extract 

for 1 hour at 18 C. Rapid filtration in <5 seconds of spindles was achieved with a 12 micron 

filter in a custom 3D-printed device that fits in an Eppendorf tube. The filter (spindle fraction) 

and spindle depleted cytoplasm are quantified by TMT-MS3. B) Unnormalized PCs for 



96 
 

isolated spindles compared to spindles treated with 20 uM nocodazole for 10 minutes prior 

to isolation. C) Biological replicates of normalized spindle PCs for three X. laevis extracts 

prepared on different days.  

 

 We find that one of the most abundant proteins that colocalizes with microtubules in 

spindles is the understudied protein HN1. We observe colocalization of HN1 with microtubules by 

live imaging, but similar to EB1, does not score as a microtubule binder in taxol stabilized 

microtubule pelleting assays. We note that there appears to be a tremendous amount of SUMO2/3 

on spindles, which has previously been shown to localize to DNA and scores as a strong 

chromatin binder in our chromatin binding assay (Dasso, 2008). We make the naïve assumption 

that microtubules are homogenously decorated with MBPs to estimate what the MBP 

stoichiometry of the typical microtubule in a CSF spindle is, assuming an average microtubule 

length of 8 microns (Figure 5.6B) (Brugués, 2012). We note large amounts of the side binding 

proteins MAP4 and EML4, as well as the plus tip tracker MAPRE1 (EB1). There would be 

approximately 140 molecules of TUBG per microtubule and slightly less molecules of most 

members of the gamma-Turc complex which is necessary for microtubule nucleation. These 

numbers may be of interest when estimating how many microtubules are branching (or an upper 

limit on the branching capacity) off of a given microtubule.  

 Based on direct physical evidence from binding to taxol stabilized microtubules or live 

microscopy, we find evidence for 71 new proteins that score as microtubule binding proteins in 

the X. laevis CSF metaphase spindle (Figure 5.6C). Together these proteins account for 10.7% 

of all protein molecules in the spindle. Upon inspection, we noted that many of these proteins 

have known roles and DNA biology. The egg has a large stockpile of protein involved in DNA 

replication and packaging, and some of these may adhere to microtubules when there is 

insufficient chromatin to bind them. These proteins tended to have an isoelectric point well above 

7, suggesting they interact electrostatically with microtubules, which are negatively charged.  
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Figure 5.6: Stoichiometry of the CSF metaphase spindle  

A) Normalized spindle PCs were converted into stoichiometries using known absolute 

concentrations. Stoichiometries are plotted as a tree map, where the size of each box is 

proportional to the magnitude of the stoichiometry. B) The composition of a typical 

microtubule was estimated assuming homogenous binding of microtubule binding proteins 
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to an 8 micron microtubule. C) Spindle stoichiometry for proteins not previously annotated 

as spindle binders that also score as microtubule binders in our MT pelleting experiments 

from C-HSS (Fig 1A).  

 

Despite being physically bound to microtubules, it is unclear if these proteins have any important 

functions or are biochemical noise. Even if many of these proteins don’t have inherent activities 

that alter microtubule dynamics, they could nonetheless alter dynamics by occupying a significant 

fraction of binding sites on the lattice. One possibility is that many of these proteins do little to 

nothing in isolation, but they may significantly alter the physical landscape of the microtubule 

when taken in aggregate. 

 

5.3.5 Global turnover in the Metaphase Spindle 

 An unsolved question in the spindle field is whether spindles are composed of anything 

other than microtubules or DNA. Various proposals for a “spindle matrix” have been made 

(Schweizer, 2014). Additional evidence in the literature points to the presence of mitochondria, 

other membranes, and ribosomes, but their function (if any) remain unclear. We were interested 

if any of the proteins that score as spindle binders have exchange rates significantly slower than 

tubulin and don’t bind to DNA, which could be consistent with a different compartment. Previous 

work has shown that crude extracts from the closely related X. tropicalis can also form spindles 

that are smaller than those in X. laevis but to a first approximation have similar appearance 

(Brown, 2007). Further, it has been shown that mixed extracts can be prepared using both X. 

tropicalis and X. laevis, and spindles are stable. X. tropicalis and X. laevis are distance enough 

in evolution that ~50% of all tryptic peptides have at least one amino acid change, which results 

in a different mass that is distinguishable with a mass spectrometer. To globally measure turnover, 

we devised an approach where spindles are assembled from 100% X. laevis extract, and X. 

tropicalis extract that does not contain spindles is added and spindles are rapidly isolated by 
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filtration at increasing time points (Figure 5.7A). Measuring incorporation of X. tropicalis proteins 

over time yields a way to globally measure turnover for many spindle protein simultaneously. We 

observe measured half-times of exchange that are consistent with the literature (Figure 5.7B). 

We observe a half-time of 25 seconds for tubulin, which has been previously measured at ~20 

seconds (Salmon, 1984). EB1 was too fast to measure, which is also consistent given previous 

measurements in the literature of exchange times on the order of only a few seconds (Tirnauer, 

2002). In total, we obtained half-time exchanges for 48 spindle binding proteins. All proteins 

appear to turn over as quickly as microtubules or faster. One notable is exception is TPX2, albeit, 

its exchange rate is only slightly slower and may be due to measurement error. Alternatively, it is 

possible that by being bound to multiple microtubules simultaneously TPX2 could have a half-

time slower than tubulin. 

 

Figure 5.7: Estimated half-time exchange of spindle binding proteins using a pulse 

chase assay with X. tropicalis extracts added to X. laevis extracts with pre-formed 

spindles  

A) Cell free extracts of similar quality are prepared from both X. laevis and X. tropicalis. 

Spindles are allowed to form and reach steady state in a X. laevis extract. All endogenous 
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proteins from a X. tropicalis extract are added simultaneously to X. laevis spindles, and 

spindles are isolated at various time points after incubation. B) Fraction of X. tropicalis 

protein incorporation to X. laevis spindles as a function of time for MAPRE1 and TUBA4A. 

C) Distribution of measured half-time exchange for 48 X. tropicalis proteins into X. laevis 

spindles. 

 

 

5.4 Experimental Section 

5.4.1 Microtubule binding assay in X. laevis C-HSS 

1x concentrated CSF C-HSS was prepared exactly as was done previously and snap frozen in 

liquid nitrogen in 200 μL aliquots (Groen, 2011). 200 μL of CSF C-HSS was thawed, and pre-

cleared at 80,000 rpm for 20 min at 4 C in a TLA 100 rotor (Beckman). The supernatant was 

carefully aspirated and transferred to a fresh tube and heated to 18 C. Microtubules were 

polymerized from endogenous X. laevis tubulin by the addition of 50 μM taxol at 18 C and 

incubated for 30 minutes to reach steady state. Microtubules were pelleted directly without dilution 

by centrifugation in a TLA-100 rotor at 80,000 rpm for 20 minutes at 4 C. The supernatant was 

carefully aspirated with a P200 pipette, and a visible glassy pellet was observed. The pellet was 

gently washed with cold CSF-XB buffer 3x by adding 200 uL of buffer to the tube, and then 

carefully aspirating with a P200 pipette. The pellet was re-suspended in 6 M GuHCl, 100 mM 

EPPS pH = 8.0, 5 mM DTT, incubated at 60 C for 20 min, and then subjected to proteomic sample 

preparation as in (Sonnett, 2018). 

 

5.4.2 DNA binding assay in X. laevis C-HSS 

Assay was performed exactly as with microtubules in 5.4.1 except 200 μL of CSF C-HSS was 

supplemented with 12 μL of X. laevis frog sperm with a concentration of 100,000 sperm/uL. Frog 

sperm was prepared exactly as in (Murray, 1991).  
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5.4.3 Salt sensitivity assay 

1x concentrated CSF C-HSS was prepared exactly as in 5.4.1. Interphase C-HSS was prepared 

by addition of 400 μM of CaCl2 to crude extract followed by an incubation at 18 C for 30 minutes 

just prior to high-speed supernatant creation in the ultracentrifuge. 

7 200 μL aliquots of C-HSS were thawed and pre-cleared in a TLA-100 rotor for 20 minutes at 4 

C at 80,000 rpm. The supernatants were carefully aspirated, transferred, and combined in a fresh 

tube. Taxol in tissue culture grade DMSO was added to give a final concentration of 5 μM taxol / 

5% DMSO, follow by an incubation at 18 C for 30 min. Each future salt concentration (0, 31, 47, 

71, 106, 159, 238, 356 mM) was a separate tube with 100 μL. Reactions were diluted with 900 

μL of 4 C dilution buffer (80 mM K+Glu pH = 7.7, 10 mM K+HEPES pH = 7.7, 1 mM MgCl2,1 mM 

EGTA, 1 mM DTT, 5 mM NaCl) and mixed with a P1000 5x. Microtubules were isolated by 

centrufiguation at 80,000 rpm for 20 min at 4 C in a TLA 120.2 rotor. The supernatant was carefully 

aspirated and the remaining pellet was re-suspended in 4 C 1x dilution buffer + 10 μM taxol + the 

appropriate concentration of KCl and was incubated at 4 C for 5 min. Each KCl concentration was 

then ultracentrifuged at 80,000 rpm at 4 C for 20 minutes, and the supernatant was discarded. 

The remaining pellet was taken up in 20 μL of 6 M GuHCl, 5 mM DTT, 200 mM EPPS pH = 8.0, 

heated at 60 C for 20 minutes and stored in the -80. 

 

5.4.4 Phosphorylation sensitivity assay 

Four 5 mL preparations of CSF C-HSS X. laevis extract was prepared from different frogs on 

different days as described previously (Groen, 2011). Four biological replicates were constructed 

by dividing the 5 mL from each day into 600 μL aliquots. The conditions used were: nothing added, 

Staurosporine 10 μM (in DMSO), BI 10 μM (in DMSO), ZM 10 μM (in DMSO), MLN 20 μM (in 

DMSO), Flavopiridol 10 μM (in DMSO) and the phosphatase condition which contained: 

Microcystine/Okadaic acid (2 μM each in DMSO) and FK-506/cyclosporine (2 μM each in DMSO). 
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After inhibitor addition, the CSF C-HSS was incubated at 18 C for 30 minutes and the microtubules 

were isolated and prepared for proteomic analysis as in 5.4.1. 

 

5.4.5 Spindle filtration assay 

Custom PLA filters were 3D printed (files available upon request) that fit into 1.5 / 2 mL Eppendorf 

tubes, and can tightly holy discs of filters of varying mesh sizes in between two filter pieces and 

an o-ring. Filters were loaded with punches of 20 micron PCTE polycarbonate filters from 

Sterlitech and placed in Eppendorf tubes. Spindles at 5,000 sperm / μL were prepared in X. laevis 

CSF extracts as done previously (Groen, 2011). 150 uL of spindles in extract were added on top 

of the filter, and centrifuged at 1,600 rpm for 15 seconds in an Eppendorf 5417C centrifuge at 23 

C. The flow through was mixed and 4 μL was added to 96 uL of 6 M GuHCl, 5 mM DTT, 100 mM 

EPPS pH = 8.0 and subjected to proteomic sample prep. The filters were carefully removed from 

the device by first removing the o-ring, and then grabbing the edge of the filter (that was not 

exposed to extract) with tweezers. These filter was placed in 96 uL of 6 M GuHCl, 5 mM DTT, 10 

mM EPPS pH = 8.0 and heated at 60 C for 20 min. The filter was then removed and the “spindle 

fraction” was processed with routine TMT proteomics sample preparation. 

 

5.4.6 Global turnover measurements 

X. tropicalis CSF extracts were prepared as in (Brown, 2007). Simultaneously (with the help of 

another person), X. laevis extracts were prepared on the same day as above. Spindles were 

formed in X. laevis extracts by addition of 5,000 sperm / μL and allowed to incubate at 18 C for 1 

hour, sufficient time to reach steady state. 40 μL of X. tropicalis csf extract (with no spindles or 

sperm) was added to 160 μL of spindles in pure X. laevis extract. These were mixed as rapidly as 

possible and transferred to a filtration device and immediately centrifuged (typical transfer time 

was 10-15 seconds). The protein was collected and processed from the flow through and filter as 

in 5.4.5. 
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5.4.7 Mass spectrometry instrumentation and bioinformatics. 

All mass spectrometry data in this paper was obtained using multiplexed tandem mass tags from 

Thermo Fisher on an Orbitrap Lumos (Thermo Fisher). An MS3 method with 5 SPS precursors 

was used. All other settings, and bioinformatics of spectra were handled as in (Sonnett, 2018). 

Data were searched with PHROG (Wühr, 2014) and matched to human gene symbols using the 

tool provided in the paper. 

 

5.5 Conclusion 

      We have coupled recent developments in quantitative multiplexed proteomics with X. laevis 

egg extracts to measure various aspects of biochemical affinity for thousands of proteins of 

interest to taxol stabilized microtubules, DNA, and endogenous spindles. We observe a wide 

range of partition coefficients for proteins binding to taxol stabilized microtubules and DNA. A 

subset of proteins appear to bind to both microtubules and DNA. Using combinations of taxol and 

nocodazole to vary the extent of microtubule polymerization as well as salt sensitivity assays, we 

have developed several assays to measure affinity proxies for MBPs with microtubules. MBP 

affinity appears to strongly depend on cell state: MBPs are eluted from microtubules at much 

lower KCl concentrations in mitosis than in interphase. Treatment with pan-kinase and pan-

phosphatase inhibitors demonstrates a wide range in microtubule binding activity that is 

dependent upon phosphorylation state, which may be responsible for the differences between 

mitosis and interphase that are observed.  

    The endogenous composition of metaphase spindles assembled in CSF X. laevis extracts was 

measured using a rapid filtration approach that isolated spindles directly from cytoplasm without 

a wash, and they are surrounded by 1x cytoplasm for the entire isolation. Measured spindle 

partition coefficients are combined with previously known absolute abundances to determine the 
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stoichiometry of the metaphase spindle. A large number of microtubule binding proteins relative 

to tubulin are observed, although whether they are all directly bound to microtubules or not 

remains unknown.  

      Dozens of new spindle proteins are discovered, many of which bind microtubules in taxol 

polymerization assays. Taken in aggregate, these proteins represent 10.68% of all proteins in the 

spindle. Further work is required to determined what the mechanistic implications of their 

presence in the spindle are. We used a dual species exchange approach with X. laevis and X. 

tropicalis extracts to measure the exchange half-times for incorporation of 48 proteins into X. 

laevis spindles. Essentially all proteins measured have exchange half-times as fast or faster than 

tubulin, and no evidence of proteins that turn over many half-times slower than tubulin is found. 
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Figure A1.1:   Concept of quantification with the complement reporter ions.  

A) Proteins from complex mixtures are digested into peptides and labeled with isobaric 

tags (green or pink) that contain heavy isotopes (stars). These tags serve as barcodes for 

different conditions. After tagging different conditions (replicates, time points etc.) are 

mixed together and ionized onto a mass spectrometer. B) In the MS1 scan different 

isobaric tags have the same mass, thus peptide peaks from different conditions are 

indistinguishable. A target peptide (dark green/pink peak) is isolated, but typically at least 

one other peptide (shorter, opaque green/pink peak) is also simultaneously co-isolated. C) 

The isolated peptides are fragmented, and in the case of TMT-MS2, the signal from the 

reporter ions in each condition is distinguishable by mass and can be quantified. However, 

since an additional peptide was co-isolated, the signal from each peptide sum producing a 

distorted ratio. Alternatively, with TMTc, the remaining “complement ion” portion of the 

isobaric tag attached to the peptide is quantified. The peptide itself confers a unique mass 

to each peptide after fragmentation. Co-isolated peptides will have a slightly different mass 

that is typically distinguishable, enabling accurate quantification even when other peptides 

are co-isolated and fragmented. 
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Figure A1.2.  Schematic depiction of complement reporter ion convolution as a 

function of precursor envelope isolation purity.   

A) A theoretical sample containing many peptides present in an equal 1:1:1:1:1 ratio is 

tagged with 5 different TMT reagents (positions of heavy isotopes are indicated with stars). 
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Shown are all 5 reagents attached to the peptide. Due to ~1% of all carbon being 13C, a 

subset of the peptide species will also contain an additional 13C atom resulting in a total 

mass of M+1 (eg. of 1 condition is shown in yellow). The other tags will be present in the 

same abundance for the M+1 species but are omitted for clarity. An even smaller fraction 

of peptide with have an M+2 (two heavy isotopes), or M+3 and higher. After the peptides 

tagged with 5 different TMT reagents are mixed together and ionized at the same time, an 

initial mass spectrum can be acquired and this single peptide species will form an isotopic 

envelope as shown. Note that the true underlying 1:1:1:1:1 ratios are conserved within 

each peak of the envelope. During an actual experiment, the ratios would be unknown and 

what is observed is shown in black. B) Theoretical isolation and fragmentation of only the 

M+0 peak from the precursor envelope. After isolation only the M+0 peak is present. 

Following fragmentation all TMT tags are fragmented in the same place and each condition 

loses a different mass due to the shuffling of the heavy isotopes within the TMT reagent. 

The correct ratios can be read out directly from what would be observed in a real 

experiment (black) C) Theoretical isolation and fragmentation of only the M+1 peak from 

the precursor envelope. The same exact situation as in B) arises except the mass offsets 

are all increased by one Dalton (relative to the M+0). D) Theoretical isolation and 

fragmentation of both the M+0 and M+1 peaks simultaneously. The M+0 and M+1 peaks 

are each present in the same relative abundance as B) and C) and thus produce the same 

offsets with the same mass shifts. However, in this case, the added signals convolve due 

to the 1 Dalton offset that occurs (The purple in the delta 75 channel is from the M+1 peak). 

The problem is immediately evident for the observed ratios (black) because there are 6 

different reporter channels when there should only be 5 and their ratios are now distorted. 

E) When the entire precursor envelope is isolated and fragmented the convolution 

becomes more complicated. 
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Figure A1.3.  Measured isolation window shapes from an infused MRFA peptide 

at m/z = 737 and infused Ultramark 1621 at m/z = 1322  

A) The fraction of signal transferred was measured as the radio-frequency of the 

quadrupole was scanned around the m/z of interest, in this case m/z = 737 Th. The plots 

are normalized so that the peptide of interest is localized at m/z = 0 Th. The grey stripes at 

-0.5 Th, 0.0 Th, and 0.5 Th indicate the location of different peaks in a precursor envelope 

for a peptide with a 2+ charge. Shown are isolation windows ranging from 0.4 Th to 0.7 Th 

in size. B) The same as an A but for the peak of Ultramark 1621 with an m/z of 1322. Note 

that while the general trend of all isolation windows relative to each other is conserved, 

there is an m/z dependence to their shapes. 
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Figure A1.4.  Comparison of TMT-MS2, TMT-MS3, and TMTc+ yeast ratio 
measurements using only peptides from each method with enough ions to surpass 

different ion statistics (signal to fourier transform noise (S:FTN)) cutoffs.  

A) Acquired TMT-MS2, TMT-MS3, and TMTc+ were processed exactly as in Fig 2B: 

peptides from all three methods were required to have a minimum sum of S:FTN = 100 

from the five different TMT channels. B) The same data acquired as in A) but only 
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peptides with a minimum S:FTN of at least 300 are included. C) The same data acquired 

as in A) but only peptides with a minimum S:FTN of at least 1000 are included.  
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Figure A1.5.  Comparison of TMTc+ yeast ratio measurements using different 

TMT reagents.  

The measured yeast ratio for unique yeast peptides as in Fig 2A was measured using the 

ratio of either 126 over 127 (pink) or 128 over 129 (purple). A perfect measurement for both 

is infinity. 
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Figure A1.6.  Comparison of TMTc+, TMT-MS2, and TMT-MS3 measurements of a 
yeast 1:10 sample.  

A yeast standard with 1:10 ratio was prepared and spiked into complex human 1:1 

background. The sample was analyzed with TMT-MS2, TMT-MS3 or TMTc+. Shown are 

the histogram of the measured ratios for unique yeast peptides. 
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Figure A1.7.  Comparison of CV measurements for TMT-MS2, TMT-MS3, and 

TMTc+.  

The CVs of unique human peptides were measured (perfect measurement would be 0) for 

peptides from a reverse-phase fractionated sample. The CVs of TMT-MS3 and TMT-MS2 

are essentially identical and slightly superior to that of TMTc+. 
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Figure A1.8.  Comparison of TMTc+, TMT-MS2, and TMT-MS3 sensitivity for a 

single 3 hour LC-MS run of a multiplexed HeLa lysate.  

The number of proteins quantified at a 1% FDR on the protein level was determined for a 

1:1:1:1:1 TMT tagged HeLa standard using a 3 hour LC-MS gradient. Peptides from all 3 

methods required a minimum S:FTN of 100 to be considered quantified. TMT-MS2 and 

TMT-MS3 peptides also required a minimum isolation specificity of 75% to be considered 

quantified.  
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Figure A1.9.  Incorporation of the surviving precursor isotopic envelope into the 

deconvolution algorithm increases robustness of TMTc+.  

A) Cumulative histograms of measured yeast ratios of TMTc+ where the human / yeast 

standard was analyzed using different isolation windows on the instrument that are 

deconvolved using either proper or improper isolation window (IW) shapes (IW used on 

instrument | IW used during deconvolution). In the best case scenario for TMTc+, the 

narrowest isolation window (0.4 Th) is used and the shape of the 0.4 m/z isolation window 

is used during the deconvolution (pink, (0.4 Th | 0.4 Th)). To mimic a poorly calibrated 

instrument a 0.7 Th isolation window was used by the instrument, but the data was 

deconvolved assuming the shape of the isolation window was 0.4 Th (green (0.7 Th | 0.4 

Th)). Shown for reference is the measured yeast ratio for TMT-MS3 (grey). B) 

Representative MS2 spectra with a TMTc+ method. The tallest peak (purple arrow) is the 

“surviving precursor”, intact precursor from the MS1 that was not fragmented. Close 

inspection of the surviving precursor reveals that the ratios of each peak isolated from the 

pseudo-monoisotopic envelope in the MS1 (inset, colored bars) can be quantified. C) Same 

data as in A) but the same sample that was analyzed on the instrument with a 0.7 Th IW 

is now deconvolved using the ratios from the surviving precursor in the MS2 of each peptide 

instead of incorrectly assuming the isolation window used was the shape of 0.4 Th (purple 

(0.7 Th | surviving precursor)). An increase in the median measured yeast ratio is observed. 

D) Number of peptides that are quantified from 24 90 minute reverse phase fractions using 
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TMTc+ with either the surviving precursor approach (purple) or with the measured isolation 

window (green). 
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Figure A1.10. Structures and isotopic impurity matrices of the TMT 5-plex used.  

Please note that Pierce recently modified the isotopic positions on TMT 127C .The C13 on 

the carbonyl was moved to the right of the amide. The new 127C will produce complement 

reporter ions that are indistinguishable from TMT 126. However, TMT 127N can act as 

replacement.  
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Table A1.1. Overview of sensitivity data from the analysis of 24 90-minute runs of 
reverse phase fractionated samples by each method.  

For a peptide to be quantified we require the sum Signal/FTNoise to be > 100. For TMT-

MS2 and TMT-MS3 we require an isolation specificity in the MS1 spectrum of at least 75%. 

For TMTc+ we do not filter for isolation specificity. Typically, for TMTc+ we are able to 

distinguish signal from chemical noise in the MS2 if we can distinguish in the MS1 (see 

figure 2). The larger number of unique quantified peptides via standard TMT-MS2 and 

TMT-MS3 methods does not translate into more quantified proteins. In the case of TMT-

MS3 the extra peptides actually translate into ~8% fewer quantified proteins. To investigate 

further, we re-analyzed the TMTc+ data for TMT-MS2 quantification. Surprisingly, we find 

a slightly larger number of quantified proteins despite significantly fewer quantified peptides 

compared to the dedicated TMT-MS2 method.    

 

 

 

 

 


