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Abstract

Introduction—Many pathologies, including cancer, have been associated with aberrant 

phosphorylation-mediated signaling networks that drive altered cell proliferation, migration, 

metabolic regulation, and can lead to systemic inflammation. Phosphoproteomics, the large-scale 

analysis of protein phosphorylation sites, has emerged as a powerful tool to define signaling 

network regulation and dysregulation in normal and pathological conditions.

Areas Covered—We provide an overview of methodology for global phosphoproteomics as 

well as enrichment of specific subsets of the phosphoproteome, including phosphotyrosine and 

phospho-motif enrichment of kinase substrates. We review quantitative methods, advantages and 

limitations of different mass spectrometry acquisition formats, and computational approaches 

to extract biological insight from phosphoproteomics data. Throughout, we discuss various 

applications and their challenges in implementation.

Expert opinion—Over the past 20 years the field of phosphoproteomics has advanced to enable 

deep biological and clinical insight through the quantitative analysis of signaling networks. Future 

areas of development include Clinical Laboratory Improvement Amendments (CLIA)-approved 

methods for analysis of clinical samples, continued improvements in sensitivity to enable analysis 

of small numbers of rare cells and tissue microarrays, and computational methods to integrate data 

resulting from multiple systems-level quantitative analytical methods.
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1 Introduction: Phosphoproteomics, signaling and cancer

Phosphorylation is a reversible post-translational modification(PTM) that is critical 

for regulating inter- and intracellular signaling networks [1]. In mammalian cells, 

phosphorylation typically occurs on the side chains of three amino acids; serine, threonine 

and tyrosine, although phosphorylation of other residues has been reported [2,3]. The 

addition of a phosphate group can have a variety of effects, as phosphorylated proteins 

may have altered conformation, stability, activity, subcellular localization, or protein-protein 

interactions. Due to its ability to modify protein function like a modular switch mechanism, 

phosphorylation is crucial to the regulation of signal transduction pathways [4].

Most major cellular processes, including proliferation, migration, apoptosis, and others, 

are regulated by protein phosphorylation-mediated signaling cascades that are also critical 

for relaying information about the external cell micro-environment and internal cell state. 

Dysregulated protein phosphorylation signaling due to aberrant kinase or phosphatase 

activity has been associated with a host of human pathologies [5–7]. Indeed, many hallmarks 

of cancer, including sustained proliferation, resistance to cell death, angiogenesis, avoiding 

growth suppression and invasion and metastasis can be linked to dysregulated signaling 

pathways and inappropriate kinase activity [8,9].

The transformative potential of multiple constitutively activated kinases, as well as the role 

of protein phosphorylation in regulating other aspects of biology, has fueled a deep interest 

in protein phosphorylation, including studies at the single protein level, protein complexes, 

enzyme-substrate relationships, or at the level of the phosphoproteome, the compendium 

of protein phosphorylation sites in a given biological sample. Phosphoproteomics, the large­

scale analysis of protein phosphorylation sites, was pioneered in 2002 by Ficarro et al., 
and has developed rapidly over the past few decades [10]. Although phosphoproteomics 

may be performed using a variety of instruments and can encompass both targeted 

and discovery analyses, phosphoproteomics-based mapping of phosphorylation events 

in a large-scale, relatively unbiased manner mainly relies on mass spectrometry (MS)­

based approaches [11,12]. Alternative techniques to measure protein phosphorylation 

include immunofluorescence / immunohistochemistry, phospho-flow, reverse-phase protein 

microarrays, and multiple different forms of western blotting. Although these techniques are 

widely used, they are dependent on antibody availability and specificity, and can be limited 

in the number of phosphorylation sites monitored per analysis [13,14]. By comparison, 

MS-based methods require minimal a priori knowledge, can identify and quantify >10,000 

phosphorylation sites in a given sample, and provide high specificity by directly sequencing 

the site of protein phosphorylation.

MS-based phosphoproteomics has the potential to uncover activated signaling networks 

and novel targets in cancer cells, yet there are some inherent challenges. For instance, 

phosphorylation is a reversible modification that can be highly dynamic on the seconds-to 

minutes time scale [15]. Additionally, the phosphoproteome comprises approximately 0.1% 

of the proteome, and low-level phosphorylation events such as phosphotyrosine comprise 

only 0.1–1% of the phosphoproteome [15]; in many cases these ultra-low-abundance 

phosphorylation events are critical to decipher cellular signaling networks mediating 
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oncogenic initiation and progression. Thus, MS-based phosphoproteomics must be able to 

identify and quantify ultra-low level, dynamic phosphorylation events. At the same time, 

some highly abundant proteins are phosphorylated at high stoichiometry, thus MS-based 

phosphoproteomics must also be able to handle a large dynamic range of phosphorylation.

Despite these challenges, MS-based phosphoproteomics has already proven to be capable 

of generating valuable phosphorylation data leading to biological insight [16,17]. It has 

been used to detect and validate potential biomarkers and drug targets, for example in 

identifying kinases and their phosphorylation sites not previously known to be involved in 

cellular signaling in multiple disease states [18–20]. Recently, progress was made in the 

mechanistic understanding of the hedgehog pathway; Scheidt et al. showed that aberrant 

signaling in this pathway is correlated with various cancers [21]. Phosphoproteomics may 

lead to new biomarkers for drug development, and also can elucidate resistance mechanisms 

and other mechanisms of action in disease [22–24]. For example, as cancer therapy 

development becomes increasingly focused on personalized medicine, phosphoproteomics 

has been used to uncover cancer cell signaling networks in patient tissues and signaling 

signatures of response to tyrosine kinase inhibitors [25–28]. Here we will focus on 

MS-based phosphoproteomics, including technical aspects of the analysis, challenges in 

implementation, and applications where phosphoproteomics has been used to uncover novel 

information in cancer signaling networks.

2 Sample preparation and phosphopeptide enrichment

While MS is the method of choice for large-scale analysis of phosphorylated proteins, high­

yield sample preparation with minimal losses of specific classes of proteins is important, 

especially for analysis of ultra-low level phosphorylation sites (Figure 1). The first steps 

in MS-based sample preparation are cell lysis and protein extraction. Many protocols now 

utilize a urea-based buffer to lyse cells, as it rapidly denatures proteins to preserve the 

physiological modification state of proteins, and is easily removed by desalting in later 

steps. If heated, urea-based buffers can lead to the carbamylation of proteins; higher 

temperatures for longer times can exacerbate this effect. As an alternative, guanidine 

hydrochloride (Gnd-HCl) can be used, as this buffer allows for heating to high temperature 

for better solubilization, recovery and denaturation. However, Gnd-HCl can negatively 

impact digestion efficiency, so additional dilution needs to be performed prior to adding 

proteolytic enzymes. Although sodium dodecyl sulfate (SDS) is a powerful chaotropic 

agent that is widely used in molecular biology, western blotting, and protein arrays, it is 

challenging to remove in sample processing steps for MS analysis and can suppress protease 

activity and MS signal. Recent clean-up strategies like SP3 and S-trap have been developed 

that can overcome this hurdle, although complete removal of SDS can still be challenging 

[29,30]. Acid-labile surfactant is an MS-friendly alternative to SDS, yet due to the relatively 

high cost of this reagent and the additional clean-up steps required, most groups favor 

urea-based cell lysis.

Following cell lysis, denatured proteins are typically reduced and alkylated, most commonly 

using dithiothreitol (DTT) and iodoacetamide (IAA), respectively.[18] After chemical 

modification, digestion of proteins into peptides is performed in bottom-up proteomics. 
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Trypsin is the most widely used protease, as it cuts C-terminal to arginine and lysine 

residues; due to their frequency in the proteome, trypsin tends to produce peptide lengths 

that are compatible with MS analysis [31]. Additional benefits include the wide availability 

and high specificity of trypsin. Peptides generated by trypsin proteolysis tend to have 

improved ionization and fragmentation due to the basicity of the arginine and lysine residues 

at the C-terminus, thereby enhancing sequencing by MS. As an alternative choice, Lys-C 

cleaves C-terminal to lysine and is compatible with a range of different buffer conditions. 

Lys-C is commonly used in combination with trypsin in a double-digestion protocol, with 

the goal of reduced missed cleavages [32]. While trypsin is the most commonly preferred 

protease, it is worth noting that many phosphorylation sites fall in regions of the protein that 

are not amenable to MS-analysis following trypsin digestion. To gain deeper coverage of the 

phosphoproteome, some researchers combine data resulting from proteolysis with multiple 

enzymes (typically a single enzyme at a time), including GluC (V8 protease), Chymotrypsin 

and Elastase [33–35]. Regardless of the protease used, it must be ensured that the lysis 

buffer used is compatible with the protease or diluted sufficiently as not to inhibit protease 

activity [36].

Following digestion, phosphoproteomic workflows can take multiple directions. Some 

groups choose to desalt peptides prior to chemical modification (e.g., non-isobaric or 

isobaric labeling, see below), while other applications may skip these steps and move 

straight to phosphopeptide enrichment. It is worth noting that the optimal workflow for a 

given application may not follow either of these approaches. We recommend developing a 

simple protocol with minimal unnecessary steps that could lead to increased peptide loss, 

especially for enrichment and analysis of low-level phosphopeptides from small amounts of 

starting material.

Due to the low stoichiometry of phosphoproteins compared to non-phosphorylated proteins, 

enrichment is a key step towards successful detection of phosphorylated peptides [37]. For 

large-scale phosphoproteomic analysis, phosphopeptide enrichment is typically performed 

by either immobilized metal affinity chromatography (IMAC) or by metal-oxide affinity 

chromatography (MOAC). Both of these techniques depend on the affinity and coordination 

of negatively charged phosphate groups towards positively charged metal ions such as Fe3+ 

(IMAC) and Ti4+ (MOAC). [38] Since binding to the metal occurs through the phosphate 

moiety, phosphorylated serine, threonine, and tyrosine appear to be enriched equivalently, 

although phosphorylated serine (pSer) and phosphorylated threonine (pThr) constitute 

approximately 90% and ~9–10% of the phosphoproteome, respectively, with phosphorylated 

tyrosine comprising the remaining 0.1–1%. Since the selectivity of most metal ions for 

phosphorylated peptides is often imperfect, nonspecific binding of non-phosphorylated 

peptides can confound the analysis, especially for low-level samples [10,39]. Non-specific 

binding can be mitigated through a variety of techniques, including addition of organic acids 

to MOAC-based enrichment, chemical modification of carboxylate groups, or by using a 

nitrilotriacetic acid (NTA)-based resin for Fe3+-IMAC. While several studies have pointed 

to the complementary nature of IMAC and MOAC in phosphopeptide enrichment, [40] 

using an excess of either material enables similar degree of enrichment, and thus selecting 

either IMAC or MOAC should suffice for most large-scale phosphoproteomic analyses [41]. 

For most applications, sufficient depth of coverage can be achieved with a simple one-step 
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enrichment protocol (e.g., NTA-Fe3+ IMAC spin columns), and additional depth can be 

afforded by fractionation of the sample prior to phosphopeptide enrichment of each fraction 

[42].

Using any of the above strategies to enrich phosphopeptides from mammalian cell lysate 

for analysis on a high-resolution mass spectrometer, it is fairly straightforward to identify 

thousands of high confidence phosphopeptides from a single sample. While large-scale 

data generation has become relatively easy, unfortunately, gaining biological understanding 

from this data remains challenging, largely due to the complexity of the phosphoproteome. 

Moreover, the overwhelming abundance of pSer sites are generally static (e.g., unaltered 

by a given biological perturbation), and their role in regulating the biology of the system 

is poorly understood. For instance, in one of the early large scale phosphoproteomics 

analysis, Olsen et al. identified and quantified over 6,000 phosphosites in HeLa cells 

stimulated with EGF at several time points [43]. Despite this massive data set, ~85% of 

the phosphosites were unaffected by the stimulation conditions. As might be expected given 

their overall low abundance in the phosphoproteome only ~103 pTyr sites out of 6,600 

total phosphorylation sites (~1.6%) were identified in this analysis, despite stimulation of 

the epidermal growth factor receptor (EGFR), a receptor tyrosine kinase (RTK) that is 

highly expressed in these cells. Similar results have been seen for a range of other systems, 

including recent large-scale phosphoproteomic studies of human tumors, where ~34,000 

total phosphopeptides were identified and quantified, yet only ~2% of these were pTyr sites 

[44,45]. Since aberrantly activated tyrosine kinases are known to be oncogenic and tyrosine 

phosphorylation sites on kinase activation loops are known to be critical regulators of kinase 

activity, the paucity of tyrosine phosphorylation sites in these data sets would suggest that 

some of the potentially most informative signals might be missed in these large-scale studies 

[46–48].

3. Enrichment of subsets of the phosphoproteome

In order to access low-abundance phosphorylation sites within the complex, high dynamic 

range phosphoproteome, it is often necessary to perform an additional enrichment step. 

For instance, if the goal is to identify and quantify RTK-driven signaling networks in 

a given cell line or tissue specimen, specific enrichment for pTyr-containing proteins or 

peptides will significantly improve the analysis [49–51]. Perhaps the most common method 

for pTyr-enrichment involves using pan-specific anti-pTyr antibodies to immunoprecipitate 

pTyr-containing peptides following tryptic digestion [49,50]. There are multiple pan-specific 

anti-pTyr antibodies available commercially; while each one has affinity for a range of 

pTyr sites, each tends to have some degree of bias. We have found that mixing several 

antibodies together can give greater overall coverage of the pTyr sites in a given biological 

sample [52,53]. As with most enrichment methods, the amount of non-specific binding in 

pTyr-immunoprecipitations tends to increase with decreasing sample amount. To address 

this issue, a second stage of enrichment (e.g., with an Fe3+-NTA IMAC spin column) can be 

used to reduce the level of non-phosphorylated peptides present in the pTyr IP. Alternative 

strategies to enrich pTyr peptides or proteins have been explored. In cell signaling networks, 

Src-homology 2 (SH2) domains bind to pTyr sites within a protein or on a different protein 

to regulate activity and protein-protein interactions (i.e., in the context of recruitment of 
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adaptor proteins to an activated RTK) [54]. Taking advantage of their binding affinity, 

several groups, including by Bian et al., have utilized SH2 domains for enrichment of pTyr 

containing peptides, and have also engineered SH2 domains for increased binding affinity 

[55,56]. These “SH2 superbinders” have enabled enrichment of thousands of pTyr sites, 

yet different SH2 domains appear to have different specificity, thus sequential analysis or 

mixing SH2 domains for a given analysis might provide increased depth of coverage [57].

The strategy of enriching phosphorylation site subsets for deeper analysis can be applied 

to a range of biological applications requiring cellular signaling network analyses. For 

instance, cells respond to many environmental contaminants and cytotoxic chemotherapies 

by initiating a DNA damage response; in both contexts this response is critical for halting 

the cell cycle, fixing DNA lesions / adducts, and enabling the cell to survive the damage. 

To identify critical regulators of the DNA damage response, cells were treated with ionizing 

radiation and phosphopeptides were enriched using a combination of phosphorylation site 

specific antibodies [58]. In this study, the non-specificity of the antibodies resulted in 

enrichment and identification of hundreds of phosphorylation sites potentially involved in 

DNA damage response signaling networks. An alternative approach is to use phospho-motif 

specific antibodies that recognize phosphorylation sites within a particular amino acid 

sequence. For instance, ATM and ATR kinases tend to phosphorylate serines or threonines 

followed by a glutamine; ATM/ATR substrate phospho-motif antibodies therefore enrich 

pSer or pThr followed by glutamine (e.g., pSQ/pTQ) [59]. Using these antibodies for 

peptide IP from proteolyzed cell lysate allows for the selective enrichment of hundreds 

of pSQ/pTQ containing peptides in a single analysis. Similarly, the ERK 1/2 mitogen 

activated kinases can regulate cell proliferation and tend to phosphorylate S or T residues 

in the context of a proline in the −2 position and in the +1 position. ERK 1/2 substrate 

motif antibodies can therefore be used to IP hundreds of peptides containing a PXXpSP or 

PXXpTP motif, where X represents any amino acid. In both of these cases, as with multiple 

other available phospho-motif specific antibodies, it is critical to note that all peptides that 

match these phosphorylation motifs are not necessarily substrates of the given kinase [60]. 

Indeed, many peptides that happen to have the motif of interest are quantitatively unaffected 

by activation or inhibition of the kinase of interest. As with pTyr enrichment, the complexity 

of the phosphoproteome tends to obscure many of these phosphomotif-containing peptides; 

recent large-scale phosphoproteomics data sets contain tens of pSQ/pTQ peptides, while 

specific enrichment using phospho-motif antibodies would likely provide over five hundred 

pSQ/pTQ-conatining peptides from the same sample [44,59]. It is worth noting that 

phosphorylation subset enrichments can be performed serially on the same sample to gain 

increased depth of coverage on multiple biological pathways [61]. For instance, cancer cells 

are often driven by aberrantly activated RTKs that signal through the ERK 1/2 MAP kinases 

to drive proliferation while also activating protein kinase B (AKT) to promote cell survival. 

Proliferating cells incur DNA damage during replication and therefore activate a DNA 

damage response. Each of these networks could be interrogated in a given biological sample, 

or across multiple biological samples, by serial IP using pan-specific and phospho-motif 

specific antibodies, followed by global phosphoproteomics on the resulting supernatant.
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4. Quantitative phosphoproteomics methods

As mentioned above, with either subset enrichment strategies or with global 

phosphoproteomics analyses, it is now possible to identify thousands to well over 10,000 

phosphorylation sites from a given biological sample, respectively. Despite this plethora 

of data, gaining biological knowledge from these analyses is still quite challenging, as 

identification of a phosphorylation site on a protein in a given sample does not necessarily 

mean that the site is regulatory of the biological processes in that sample. To infer biological 

knowledge from phosphoproteomics, quantitative data comparing phosphorylation levels 

across different conditions (i.e., cell stimulation with a mitogen, treatment with a given 

kinase inhibitor, or treatment with a chemotherapy agent, among others) is often required. 

Multiple label-free or label-based quantification strategies can be employed to determine 

the relative abundance of phosphorylation sites between various conditions of a biological 

system [62,63]. The simplest of these approaches is label-free quantification, in which 

the amount of a given phosphorylation site, typically estimated by the area under the 

curve (AUC) of the chromatographic elution profile of the precursor ion, is compared 

across phosphoproteomic analyses of different biological conditions. This approach is 

straightforward, can be highly quantitative, does not require additional sample handling, 

and can be used to compare across hundreds of samples without requiring a normalization 

channel. Moreover, since quantification typically occurs from the precursor signal intensity, 

dynamic range signal compression, e.g., from MS/MS-based quantification techniques, see 

below, may be less of an issue. On the other hand, the vast number of phosphopeptides 

present in global phosphoproteomics experiments can lead to highly complex full scan 

mass spectra (MS1 spectra), and may result in overlap of isotope envelopes and inaccurate 

quantification, especially on mass spectrometers with lower resolving power. Additionally, 

sample handing and chromatographic reproducibility are critically important for accurate 

label-free quantification. More complex workflows, including phosphopeptide IP’s, can 

adversely affect the accuracy of label-free quantification. Early versions of label-free 

quantification relied on spectral counting, in which the number of MS/MS spectra for a 

given precursor were compared across different conditions. This approach is most accurate 

when applied to highly abundant peptides and can be confounded by low-level peptides 

(typically less than 5 spectral counts), where stochasticity between runs can confound 

quantitative accuracy.

As an alternative to label-free quantification, multiplexed, label-based strategies have 

been developed. These approaches fall into two categories: non-isobaric labels (MS1 

quantification) and isobaric labels (MS/MS quantification). Non-isobaric labels, as the 

name implies, utilize different numbers of heavy isotopes on each tag to generate labels 

for each sample that differ in mass. Non-isobaric labels can be applied at multiple steps 

in sample generation or sample processing. Stable Isotope Labeling with Amino Acid in 

Cell Culture (SILAC), as described by Mann’s group, is one of the most commonly used 

non-isobaric multiplexing methods [64]. In SILAC, cells from one condition are cultured 

in media that contains one or more heavy-isotope labeled amino acids, while cells from 

another condition are cultured in media with corresponding light-isotope labeled amino 

acids. Lysine or arginine are most commonly used for labeling to ensure that tryptic peptides 
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will be quantifiable. Although SILAC labeling can be expensive, especially for in vivo 

applications [65,66], the protocol is relatively easy to implement, and since labeling occurs 

during cell culture (or organism growth), samples can be mixed early in sample processing 

and quantification is relatively unaffected by variation in sample handling. However, SILAC 

is typically limited to multiplexing of 2 or 3 conditions and results in increased complexity 

of full scan mass spectra that can adversely affect quantification dynamic range [67]. SILAC 

has frequently been used in combination with phosphoproteomics to quantify cancer cell 

signaling networks [68–71]. For instance, Zhang et al. combined pTyr IP with SILAC to 

quantify the adaptive response of lung adenocarcinoma cells to EGFR inhibition [72], and 

Cunningham et al. combined SILAC with global phosphoproteomics to define fibroblast 

growth factor receptor (FGFR) signaling networks in triple negative breast cancer [73].

Beyond SILAC, non-isobaric chemical labels have also frequently been used for quantitative 

analysis of phosphorylation-mediated signaling networks. In this approach, peptides from 

each sample are chemically modified after proteolytic digestion, with each sample being 

tagged with the same label with different number of heavy isotopes. For instance, di-methyl 

labels, with one sample labeled with 12C-H2 formaldehyde and other samples labeled with 

12C-D2 or 13C-D2 formaldehyde offer an inexpensive alternative to SILAC and have been 

used to elucidate phosphorylation changes following cell stimulation in a variety of contexts 

[74,75]. This approach is similarly limited to multiplexing of 2 or 3 samples and can be 

affected by complexity of MS1 spectra due to the combination of multiple non-isobarically 

tagged samples.

Isobaric tags label all samples with a tag of the same mass; quantification occurs in 

MS/MS through production and detection of reporter ions generated during fragmentation 

[76,77]. Isobaric tags enable multiplexing of up to 18 samples [78] in a single analysis 

with relatively minimal increase in the complexity of MS1 spectra. This high degree 

of multiplexing reduces MS analysis time while also reducing inter-analysis variability, 

including chromatographic differences and precursor selection for MS2. While inter-analysis 

irreproducibility in discovery-mode analyses can still be a problem for larger sample sets 

[27], 16- or 18-plex isobaric tags significantly reduce this potential problem. Since the m/z 
ratio for each tagged peptide is identical from all samples, isobaric tags have been used 

for ‘boost’ experiments for phosphoproteomics, among other applications, wherein one of 

the samples is present in much higher amount, improving the signal-to-noise ratio in full 

scan mass spectra and driving selection of peaks for MS/MS. This approach can improve 

sensitivity, enabling analysis of smaller amounts of samples in the ‘non-boost’ channel, 

but may lead to decreased quantitative accuracy [79]. Dynamic range compression, one of 

the major potential problems with isobaric labels, is thought to be due to co-isolation of 

multiple peptides for MS/MS. This problem is exacerbated in complex mixtures, including 

global phosphoproteomics, due to the massive number of peptides in the sample. Although 

narrowing the isolation window can reduce dynamic range compression, MS3 may provide 

more accurate quantification as demonstrated by McAllister et al. [80], but may not be 

applicable to low-abundance peptides including pTyr and phospho-motif enriched peptides 

[62,79]. Enriched subsets of the phosphoproteome tend to be much less complex, and 

thus dynamic range compression is less of an issue, although it can still adversely affect 

quantitative accuracy. In addition to dynamic range compression, isobaric labels tend to 
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be similar in cost to SILAC, and introduce at least one additional step in the workflow, 

thereby risking sample loss. Even with these issues, isobaric labeling has enabled a wide 

range of quantitative phosphoproteomic analyses, including quantification of pTyr dynamics 

following growth factor stimulation [81,82], quantification of pTyr signaling networks from 

formalin fixed parrafin embedded (FFPE) sections of human tumor specimens by Kohale 

et al. [26], and quantification of adaptive response to therapy in cancer models and tumor 

tissues [63,83,84], among many others.

5 MS-based analysis of the phosphoproteome: applications and 

challenges

Proteomics experiments can be generally divided into top-down / middle down and bottom­

up proteomics. In top-down proteomics, intact proteins are ionized and analyzed by mass 

spectrometry (MS) in the absence of a digestion step [85]. In middle-down proteomics, 

typically a single digestion step, e.g., Cyanogen bromide (CNBr)-digestion, is used to 

produce a few large protein fragments which are then ionized for MS analysis [86]. Both 

of these approaches enable identification of proteoforms: the post-translation modification 

‘code’ present on a given protein, although middle-down approaches can suffer from 

data integration requirements to reconstitute the intact protein [87,88]. Although top-down 

and middle-down proteomics have been extensively used to analyze the post-translational 

modification code of histones, to date there are only a few applications of these approaches 

to the phosphoproteome [89–92], with no in-depth analysis of signaling network alterations 

between conditions. The dearth of top-down phosphoproteomics experiments might be due 

to the inherent challenges of top-down proteomics, as characterization of intact proteins, 

and especially PTMs on intact proteins, can require significant time, effort, and expertise. 

Additionally, dynamic PTMs such as phosphorylation are highly challenging, as each new 

phosphorylation site results in a new proteoform, and thus a dozen or more sites on a 

given protein may lead to a combinatorial explosion of protein states. With that said, top­

down and middle-down phosphoproteomics are needed to define the associations between 

phosphorylation sites across a given protein and to answer fundamental questions, including 

whether EGFR or other RTKs are phosphorylated on multiple sites on the C-terminal tail 

in a given isoform, or whether each of the multiple sites are mostly exclusive to a given 

isoform. Almost all phosphoproteomics experiments have been performed by bottom-up 

proteomics, where proteins are proteolyzed to peptides, typically using enzymes such 

as trypsin (see above). In general, bottom-up proteomics experiments are much easier 

compared to top- or middle-down experiments, but this ease of analysis comes at the cost 

of information that may be critical for understanding protein function and signaling network 

mechanisms. For instance, can phosphorylation of an inhibitory site, e.g., the C-terminal 

phosphorylation site on Src-family kinases, co-occur with phosphorylation of the activation 

loop? Since these sites are separated by ~100 residues, this information is only available by 

top-down or middle-down analyses.

Bottom-up proteomics can be sub-divided into three subcategories based on the data 

acquisition method: data-dependent acquisition (DDA), data-independent acquisition (DIA) 

and targeted phosphoproteomics [93](Figure 2). These methods mainly differentiate from 
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each other by the manner in which specific ions are chosen for fragmentation. DDA, 

also known as discovery mode, generally selects the most abundant peptides for isolation 

and fragmentation. When coupled with fractionation, DDA experiments can provide deep 

characterization of the phosphoproteome [61,94,95], and are still the most common 

approach to signaling network analyses. Although the total number of detected peptides 

is generally higher with DDA compared to DIA or targeted approaches, DDA tends to suffer 

from run-to-run irreproducibility of identified and quantified peptides, due to the stochastic 

nature of peptide sampling. DDA-based quantification of cancer signaling networks in cell 

lines and tumors can suffer from the ‘sparse-matrix’ problem, where only a subset of 

phosphorylation sites are quantified across all samples, even when coupled with multiplexed 

isobaric reagents [27,96,97]. In DIA, pre-set windows of m/z ratios are sequentially isolated, 

fragmented, and analyzed, with the goal of covering the full m/z ratio rapidly enough 

to fragment and analyze all peptides present in a given sample. Since peak selection is 

absent in DIA, run-to-run reproducibility tends to be much greater compared to DDA.[98] 

However, depending on the width of the isolation window and the sample complexity 

being analyzed, DIA can be adversely affected by dynamic range, e.g., loss of the lowest 

abundance fragments in the presence of highly abundant fragments. Due to the complex 

MS/MS spectra, DIA is also best applied with a library of spectra, typically obtained from 

multiple DDA experiments, and is suboptimal for discovery. However, more recent DIA 

experiments have utilized smaller isolation windows that are on-par with DDA experiments; 

these new settings suggest a powerful combination of high reproducibility with the potential 

for discovery of novel signaling components. Quantification with DIA tends to occur 

through label-free, as the duty cycle for full scan MS is suboptimal for non-isobaric labels, 

and the mixed MS/MS spectra are suboptimal for isobaric labels. As mentioned above, 

label-free quantification for DIA can be problematic when working with more complex 

workflows involving IP of pTyr or phospho-motifs, both of which are highly susceptible to 

slight variations between sample processing steps. Nevertheless, DIA methods have been 

applied to analysis of signaling networks for multiple applications [99–101], and new tools 

are emerging to facilitate these approaches [102].

Targeted phosphoproteomics provides consistent reproducibility with high accuracy 

quantification and can provide high sensitivity, especially when coupled with internal 

standard trigger peptides, but it comes at the cost of discovery and coverage as shown 

in our research group [27]. As the name implies, targeted methods require prior knowledge 

about the signals (e.g., phosphopeptides) of interest, as the instrument method is typically 

constructed to select the precursor m/z ratios of interest for fragmentation and quantification. 

Targeted methods typically utilize multiple reaction monitoring (MRM) or parallel reaction 

monitoring (PRM) based methods to isolate and fragment the precursor of interest. In 

MRM, specific fragment ions are detected sequentially, typically on a triple quadrupole 

MS, while in PRM, all fragment ions are detected in the same analysis, on an ion trap 

or TOF MS. Although targeted methods have historically been used to quantify a few 

targets per analysis, MRM-based targeted phosphoproteomics have been used to monitor 

signaling networks. In one example application by Wolf-Yadlin et al., 226 pTyr-containing 

peptides were quantified by MRM to assess the dynamic signaling network response to EGF 

stimulation at multiple time points [103]. MRM methods have also been used to quantify the 
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DNA damage response to chemotherapy; in this example, a combination of phospho- and 

non-phosphopeptides were targeted for quantification [104,105]. In targeted analyses with 

a large number of targets, elution time windows have allowed for longer detection times 

while maintaining high duty cycles. More recently, heavy-isotope labeled internal standard 

(IS) trigger peptides have bypassed the need for elution time windows; in this approach, 

fragmentation of the heavy labeled IS trigger peptide is coupled with on-the-fly pseudo­

spectral matching to a known fragment ion fingerprint [106]. Matching of multiple fragment 

ions initiates high resolution MS/MS of the endogenous peptide, and quantitative data can be 

generated by comparing the light:heavy ratio of multiple fragment ion peaks. The SureQuant 

framework available on selected ThermoFisher MS instruments allows for monitoring of 

hundreds of IS-peptides. We have recently developed an approach (SureQuant pTyr) to 

quantify pTyr signaling networks comprised of ~400 pTyr peptides in EGF-stimulated cell 

lines and across dozens of human colorectal tumor specimens [27]. Although SureQuant 

pTyr provides quantitative data for each detected peptide in each sample, quantification 

relies on one-point calibration and assumes a linear dynamic range. To generate absolute 

quantification data with internal standard curves for each peptide, we developed Multiplex 

Absolute Regressed Quantification with Internal Standards (MARQUIS), a multiplexed 

MRM- or PRM-based targeted approach in which different amounts of heavy-isotope 

labeled IS phosphopeptides were added to each biological sample. Following the addition 

of these reference peptides, multiple samples were isobarically labeled and combined 

for analysis [107]. Reporter ions from MS/MS of the TMT-labeled endogenous peptides 

could then be regressed against the internal standard curve provided by MS/MS of the 

TMT-labeled IS peptides. Application of this approach to ~20 pTyr phosphorylation in the 

EGFR signaling network provided absolute quantification, e.g., copies/cell, for the temporal 

dynamic profiles for each phosphorylation site and relative stoichiometry information for 

multiple sites on the EGFR C-terminal tail. In the future, combining a MARQUIS-style 

approach with SureQuant pTyr may provide absolute quantification of hundreds of nodes 

in the network, enabling more mechanistic computational modeling of cancer cell signaling 

networks.

6 Computational analysis of phosphoproteomic data

While technological and methodological advancements have greatly expanded the 

capabilities of phosphoproteomics, the ultimate impact depends on the biological knowledge 

that can be gleaned from the data. In this section, steps in data analysis as well as potential 

tools to gain biological insight will be discussed (Figure 3).

High quality / high accuracy phosphopeptide identification and quantification can be critical 

for defining cancer cell signaling networks from phosphoproteomic data [108]. Since 

each phosphopeptide is typically a ‘one-hit wonder’, high stringency in data filtering is 

recommended to remove as many false positive assignments as possible and to localize 

the phosphorylation site to the correct residue, if possible. While restrictive filters may 

compromise the ultimate data set size, high quality data facilitates computational data 

analysis and ultimate biological insight.
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A vast number of computational methods have been developed to extract cellular signaling 

network information from phosphoproteomic data [109]; here we will highlight a few 

general computational data analysis strategies as well as some specific instances where 

tools have been applied to provide novel biological insight. As a first pass approach, 

clustering methods, including hierarchical clustering, k-means-clustering, self-organizing 

maps, and others, have been applied to reveal associations between phosphorylation sites 

and to thereby define ‘modules’ of co-regulated sites across different biological conditions. 

In some cases, clustering has helped to predict the function of unknown phosphorylation 

sites, for instance when they are co-regulated with multiple sites of known function 

[43,49,110]. Although different clustering methods can be applied to extract additional 

information from a given data set, combining the results from multiple clustering methods 

can reveal consensus modules and provide novel insight. As one example of this strategy, 

the multiple cluster analysis methodology (MCAM) algorithm was developed by Naegle et 
al. Application of MCAM to dynamic phosphotyrosine data uncovered phospho-site specific 

interactions, including a novel interaction between EGFR phosphorylation and the PDLIM1 

cytoskeletal protein [111,112]. Co-correlation can also be used to identify phosphorylation 

sites that are co-regulated across multiple biological conditions. This approach was applied 

to studies of pTyr signaling networks in glioblastoma and non-small cell lung cancer 

tumor tissues to highlight patient-specific activated signaling networks [26,113,114]. To 

gain additional insight into signaling networks from large-scale phosphoproteomic datasets, 

multiple computational approaches have been developed to predict kinase-phosphorylation 

site associations. These algorithms, e.g., ptmRS and Thesaurus, typically rely on kinase 

motifs, known substrates, or a combination of motifs, substrates, and protein-protein 

interactions to predict kinases that may be responsible for phosphorylating particular sites in 

the data [115–122]. As with all predictive algorithms, the results from these analyses should 

be confirmed through additional experiments, e.g., by chemical or genetic perturbation of 

the kinase.

Integrative ‘omics, combining information from several different types of data, can provide 

additional insight into the structure and function of phosphorylation mediated signaling 

networks. As one example, proteogenomics, combining proteomic and phosphoproteomic 

data with genomic and transcriptomic data has been used to classify subtypes of different 

human tumors and identify putative activated signaling networks and central nodes [44,123–

125]. Other integrative ‘omics tools have combined proteomics, phosphoproteomics, 

transcriptional profiling, and metabolomics to attempt to characterize the role of 

phosphorylation sites in regulating the state of a given system and to identify targeted 

nodes [44,126–128]. Another computational tool that allows integration of multiple 

datatypes is partial least squares regression (PLSR), which utilizes input matrices X (e.g., 

phosphoproteomic dataset) and Y (e.g., phenotypic outcome such as proliferation) to build 

a predictive model correlating associations between phosphorylation sites and phenotypic 

outcome. We have previously used this approach to identify pTyr sites associated with 

migration and proliferation in HER2 overexpressing mammary epithelial cells and to 

highlight a counter-intuitive role for the ERK 1/2 MAP kinases in EGFRvIII expressing 

glioma cells [96,97,129]. Frejno et al. used a PLSR-based analysis on multi-omics data to 

determine the landscape of proteome activity in a large set of cancer cell lines, with the goal 
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of predicting drug response and novel functional associations from these networks [130]. 

Other approaches have been developed over the years to integrate different types of omics 

as well as non-omics data, such as immunohistochemical data [83,131].Computational 

analysis can be challenging with discovery-mode proteomic or phosphoproteomic datasets, 

due to the sparse matrix problem associated with missing observations between biological 

replicates or different biological conditions. From a computational perspective, one option 

is to disregard all peptides that are not quantified across all conditions; unfortunately this 

approach radically reduces the dataset size [96]. [An alternative approach is to impute 

quantitative values for the missing data, typically zeros, or an average of the remaining 

channels. Although this allows conservation of more peptide information, it risks false 

hypothesis generation in downstream analysis, as it assumes high similarity between 

biological conditions [132]. Targeted data acquisition approaches (see above) help to reduce 

the sparse matrix problem and should enable improved computational analysis.

7 Future of phosphoproteomics

MS-based phosphoproteomics has made great strides over the past decade in terms 

of detection limits, speed, accuracy and resolution. Phosphoproteomics has emerged 

as a powerful tool for analysis of signaling networks in diseased tissues and model 

systems, both in vivo and in vitro. Nonetheless, one of the main challenges in MS­

based phosphoproteomics is the application to limited sample amounts / low abundance 

model systems. Progress in this area has enabled successful phosphoproteomic analysis 

on extracellular vesicles secreted from cancer cells to identify potential biomarkers in 

glioblastoma-EGFRVIII variant [133]. Additionally, methods have emerged that address the 

challenge of limited starting material when working with patient tissue specimens [134], 

and phosphoproteomic analyses have now been successfully performed on FFPE tissue 

samples [26,135]. Simultaneously, given the value of patient samples and the importance of 

multi-omics analysis, methods are being developed that allow for simultaneous extraction of 

DNA, RNA and protein from samples [136].

Another challenge for phosphoproteomics is spatial analysis, due to the highly dynamic 

nature of this PTM. With the use of proximity labeling strategies, Liu et al. demonstrated 

the ability to monitor altered phosphorylation patterns due to ER stress in in vitro and in 
vivo systems [137]. We previously used phosphoproteomics to characterize the immediate­

early signaling dynamics in the EGFR network and proximity ligation assays (PLA) to 

characterize dynamic recruitment of adaptor proteins to the membrane [82], or total internal 

reflection fluorescence (TIRF) microscopy to monitor in vivo SH2 binding dynamics and 

binding site kinetics [138]. Being able to directly quantify spatially resolved signaling 

networks by MS-based phosphoproteomic analysis has yet to be accomplished.

Another fascinating development in the field is single cell proteomics (scProteomics) [139]. 

This type of analysis has the potential to provide information about co-occurrence of 

phosphorylation sites and states of individual cells and would therefore enable significantly 

improved definition of cellular signaling networks. Although progress has been made at the 

proteome level using nanodroplet sample preparation platforms, phosphopeptide analysis 

remains challenging, as most signaling nodes are well below detection limits thus far [140].
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Continued improvements in MS instrumentation, phosphoproteomic methodology, 

and computational modeling algorithms will facilitate the application of MS-based 

phosphoproteomics to additional systems, including tissue microarrays, needle biopsies, and 

rare liquid tumors, and the interpretation of this data to define activated signaling networks 

in these tissues.

8 Expert opinion

Quantitative MS-based phosphoproteomics has begun to emerge as a powerful technique 

enabling the identification of activated oncogenic signaling networks from a variety of 

biological systems, including in vitro and in vivo model systems as well as patient tumor 

tissue specimens. While global phosphoproteomics can provide an impressive overview of 

the phosphorylation state of thousands of proteins within a given sample, this analysis 

method may fail to identify and quantify low-abundance sites, e.g., pTyr and many 

oncogenic kinase substrates, that may be critical regulators of biological function, especially 

in cancer cell signaling. Accessing these low abundance sites requires enrichment of selected 

subsets of the phosphoproteome, often through immunoprecipitation. These experiments can 

be more technically challenging compared to global phosphoproteomics, as the low amount 

of phosphorylated peptides are strongly impacted by sample losses during processing steps. 

Nonetheless, pTyr phosphoproteomics can provide insight into activated tyrosine kinases 

regulating a range of oncogenic phenotypes, including cellular migration, proliferation, 

invasion, therapeutic resistance, among others. Advances in pTyr proteomics, including 

higher affinity reagents for pTyr enrichment, targeted approaches for monitoring selected 

pTyr phosphorylation sites, and MS-instrumentation improvements to provide enhanced 

sensitivity, have begun to make this approach more turn-key and accessible to a wider range 

of proteomics research labs and core facilities.

The next step in the evolution of phosphoproteomics and especially for pTyr proteomics 

may be development of a CLIA (Clinical Laboratory Improvement Amendments) approved 

analysis workflow to provide clinical insight for patient stratification and therapeutic 

selection based on signaling network activation in clinical samples. Moving to CLIA 

approval will require standardization of standard operating procedure (SOPs), dedicated 

instrumentation, and highly reproducible quantification. Although difficult to implement, 

CLIA approval may be facilitated by targeted approaches such as SureQuant pTyr, 

where heavy-isotope encoded standard peptides are included in every analysis, yielding 

accurate quantification even in the context of sub-optimal pTyr enrichment. Recently we 

implemented SureQuant pTyr to identify activated signaling networks in dozens of human 

colorectal tumor specimens; importantly, this method was performed with commercially 

available columns, reagents, and instrumentation, and thus should be accessible to most, if 

not all, proteomics facilities.

Phosphoproteomics continues to be limited by sample requirements, with many studies 

requiring relatively large amounts of frozen tissue specimens for in vivo studies, or multiple 

plates of cells per condition for in vitro studies. It is worth noting that multiple labs have 

been developing improved methods to enable analysis of signaling networks from smaller 

amounts of starting material, and continued developments over the next several years should 
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enable the analysis of pTyr signaling networks from tissue microarray (TMA) samples, 

or from small numbers of rare cell types. While starting material requirements may not 

rival genomic or transcriptional profiling experiments, both of these technologies have 

amplification steps that are currently not possible with proteomic approaches. Importantly, 

without amplification it is challenging to perform phosphoproteomics at the single cell 

level. While biologically relevant phosphorylation sites span a large range of copy numbers 

in different cell types, we can take, as an example, a phosphorylation site that may be 

present at a reasonably high expression level of 10,000 copies/cell. Detection of this 

site in a single cell would require low-zeptomole sensitivity (10,000 copies/cell equates 

to ~1.7×10−20 moles/cell (17 zeptomoles/cell), assuming no losses in sample processing 

and high efficiency ionization. At this point, it seems that single cell phosphoproteomics 

might be limited to very high expression phosphorylation sites, which may be less 

informative regarding activated signaling networks. Continued technological development 

is clearly required to advance this aspect of the field forward. Non-MS-based approaches, 

including immunohistochemistry, immunofluorescence, and phosphoflow can accomplish 

single-cell signaling network analysis, albeit with limited and targeted detection of selected 

phosphorylation sites.

One other challenge for phosphoproteomics is data integration with other systems-level 

measurements that may be performed on additional aliquots of the same samples. For 

instance, integration of phosphorylation data with transcript expression (bulk or single 

cell), metabolomics, methylation, genome sequencing, and other ‘omics measurements, will 

provide significant insight into the co-regulation of these often dynamic regulatory networks. 

While some methods (see above) have been developed to attempt to integrate these data, 

our understanding of how transcript expression is related to signaling network regulation, 

and vice-versa, is still elementary. Development of improved computational algorithms, 

including artificial intelligence / machine learning approaches, are needed to define the 

linkages between these often highly complex data sets.

Over the past two decades the field of phosphoproteomics has experienced explosive 

growth in new tools, technologies, algorithms, and applications that have advanced the 

field to enable deep biological and clinical insight. Continued development of the field 

will lead to more stable technologies that can be applied to identify therapeutic targets, 

track therapeutic efficacy in clinical trials, and identify non-genomic adaptive response / 

resistance mechanisms that adversely impact patient survival.
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Article Highlights:

• Phosphopeptide enrichment methods

• Tyrosine phosphoproteomics

• Phospho-motif enrichment for kinase substrates

• Quantitative phosphoproteomics

• Data acquisition methods for phosphoproteomics

• Computational approaches to identify activated signaling networks
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Figure 1. 
General sample preparation protocol for mass-spec based phosphoproteomic analysis. 

Protein is extracted from in vitro cell cultures or in vivo tissue or liquid samples, followed 

by chemical modification. In bottom-up proteomics, proteins are digested into peptides. 

Quantification can be performed by multiple methods, including non-isobaric and isobaric 

labeling, many of which are applied after digestion and before enrichment. Phosphopeptide 

enrichment purification can be performed at the global or subset-enrichment level depending 

on the biological question or experimental goals. Enrichment steps are critical in ensuring 

detection of these low-abundant peptides before analysis. Created with biorender.com
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Figure 2. 
Types of MS data acquisition modes in bottom-up proteomics. data dependent acquisition 

(DDA) selects the most abundant peptides which are then isolated and fragmented 

sequentially. Data Independent Acquisition (DIA) isolates and fragments peptides within 

defined m/z windows. In targeted acquisition mode, the instrument is set up to detect and 

fragment selected peptides that are defined a priori. In parallel reaction monitoring (PRM), 

multiple fragments per precursor can be detected at the same time. In SRM or MRM, 

fragment ions from a given precursor are typically detected sequentially. Created with 

biorender.com
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Figure 3. 
Steps in data processing and downstream analysis tools for phosphoproteomic data. Top: 

multiple data processing steps are needed in order to identify and quantify phosphorylation 

sites from MS/MS data, including database searching, site localization and quality filtering 

for identifications. Depending on the quantitative method, data may go through additional 

filtering, normalization, clustering, and statistical analysis as a first pass at identifying 

differentially phosphorylated peptides. Bottom: more nuanced biological information 

can be gained through additional computational analysis, including temporal analysis, 

kinase / substrate or pathway enrichment of phosphorylation subsets, and machine learning 

approaches to identify modules and pathways of phosphorylation-mediated signaling 

networks. Each of these tools can lead to predicted functions for phosphorylation sites in the 

data. Validation experiments should be performed to confirm analysis results. Created with 

BioRender.com
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