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ABSTRACT

Protein phosphorylation is a central post-translational modification regulating cellular signaling, frequently dysregulated in
cancer. Mass spectrometry (MS)-based phosphoproteomics has emerged as a powerful approach to systematically profile phos-
phorylation events, thereby revealing aberrant kinase activity and therapeutic vulnerabilities that are not captured by genomic
or transcriptomic analyses. Recent advances across the workflow—including optimized sample preparation and phosphopeptide
enrichment, isotope- or label-free quantitative strategies, high-resolution mass spectrometry platforms, specialized algorithms
for site identification and quantification, and integrative informatics analyses—have enabled the detection of tens of thousands
of phosphorylation sites even from small clinical specimens. These developments have facilitated the characterization of signal-
ing pathways across diverse cancer types, leading to the identification of targetable kinases and informing therapeutic strategies.
In this review, we highlight studies that employed phosphoproteomic analyses of clinical specimens or patient-derived cancer
cells to delineate signaling characteristics and to propose and validate therapeutic targets. Collectively, MS-based phosphop-
roteomics is poised to become a cornerstone of precision oncology. By enabling comprehensive and quantitative mapping of
phosphorylation events, this technology allows mechanistic dissection of cancer signaling pathways and uncovers therapeutic
vulnerabilities that may be exploited with targeted agents.

Abbreviations: ABL, abelson murine leukemia viral oncogene homolog; AML, acute myeloid leukemia; AXL, anexelekto receptor tyrosine kinase; CML, chronic
myeloid leukemia; CPTAC, clinical proteomic tumor analysis consortium; CRC, colorectal cancer; DDA, data-dependent acquisition; DIA, data-independent
acquisition; EGFR, epidermal growth factor receptor; EMT, epithelial-mesenchymal transition; ERK, extracellular signal-regulated kinase; ETD, electron transfer
dissociation; EThcD, electron transfer/higher energy collision dissociation; FDA, U.S. Food and Drug Administration; FT-ICR, fourier transform ion cyclotron
resonance; HCD, higher-energy collisional dissociation; IMAC, immobilized metal ion affinity chromatography; IMS, ion mobility separation; iTRAQ, isobaric tags for
relative and absolute quantification; LC-MS/MS, liquid chromatography-tandem mass spectrometry; LFQ, label-free quantification; MOAC, metal oxide affinity
chromatography; MS, mass spectrometry; MS/MS, tandem mass spectrometry; mTOR, mechanistic target of rapamycin; NAT, normal adjacent tissue; PAK1,
p21-activated kinase 1; PASEF, parallel accumulation-serial fragmentation; PDAC, pancreatic ductal adenocarcinoma; PDX, patient-derived xenograft; PI3K,
phosphoinositide 3-kinase; PRM, parallel reaction monitoring; Rb, retinoblastoma protein.
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1 | Introduction

Protein phosphorylation is one of the most common and best-
studied post-translational modifications involved in regu-
lating key biological processes in normal and cancer cells.
Understanding these dynamic changes is crucial across a wide
range of fields, from fundamental life sciences to disease re-
search and drug discovery. Dysregulation of kinase signaling
pathways is commonly associated with various cancers [1-3].
Thus, research on the cancer phosphoproteome provides unique
biological information regarding the activity of signaling path-
ways and the circuitry of kinase networks that are not captured
by genetic or transcriptomic technologies. These studies have
not only advanced cancer biology but also contributed to the
development of cancer therapies. Abnormalities in signal trans-
duction within cancer cells serve as targets for cancer treatment.
Pioneering examples of precision medicine in cancer treatment
based on aberrant signaling include the use of imatinib for
chronic myeloid leukemia (CML) [4, 5] and erlotinib for non-
small cell lung cancer [6, 7]. These drugs inhibit BCR-ABL1 and
EGFR tyrosine kinase, respectively. It is reported that the num-
ber of small molecule protein kinase inhibitors currently ap-
proved by the FDA has reached 85 drugs which primarily target
38 protein kinases [8], while humans have over 500 protein ki-
nases [9]. It is reported that over 300 kinases have crystal struc-
tures, and more than 400 have at least one assay, while only 24%
of kinases have high-quality chemical probes [10]. These find-
ings indicate that for small-molecule inhibitors, the lack of tools
limits biological exploration and target validation. However,
development of inhibitors based on novel modalities such as
PROTACSs (Proteolysis targeting chimeras), ADCs (Antibody-
drug conjugates), and nucleic acid therapeutics is advancing at a
rapid pace, and the druggability of kinases is expected to expand
significantly in the near future [11-13].

This situation strongly supports a strategy of identifying tar-
getable kinases for specific cancer patient groups through
phosphoproteome analysis of clinical cancer specimens and ap-
plying existing or developing kinase inhibitors.

This review provides an overview of MS-based phosphopro-
teomics and discusses its technological advances. Next, we
review examples of phosphoproteomics applications for thera-
peutic target discovery, including analyses using cultured can-
cer cells, experimental animals such as PDX mice, and human
cancer clinical specimens.

Finally, we review phosphoproteomic studies that illustrate how
this technique is contributing, and can contribute in the future,
to our understanding of cancer cell signaling and biology and
the development of cancer treatments.

2 | Technological Advances in MS-Based
Phosphoproteomics

MS-based phosphoproteomics, supported by recent advances in
analytical chemistry, informatics, and computational science,
has evolved to enable the analysis of over 20,000 phosphoryla-
tion sites in a single experiment. This section outlines the tech-
nological development of MS-based phosphoproteomics from

six perspectives: (i) sample preparation and phosphopeptide
enrichment, (ii) quantitative methods for large-scale sample
analysis, (iii) mass spectrometry measurements, (iv) identifica-
tion and quantification, (v) informatics analysis, and (vi) lim-
itation of MS-based phosphoproteomics. It also discusses future
prospects.

2.1 | Sample Preparation and Phosphopeptide
Enrichment

In phosphoproteome analysis, pretreatment steps prior to mass
spectrometry (MS) are critical for the highly sensitive detection
of low-stoichiometry and unstable phosphorylation modifica-
tions. Particularly when analyzing clinical samples, it has been
reported that the process from sample collection to storage can
significantly impact the phosphoproteome. Regarding the im-
pact of time until freezing, a study measured time-dependent
changes in the phosphoproteome via mass spectrometry for tu-
mors collected from ovarian cancer tissue and breast cancer xe-
nograft mouse models, left at room temperature for 0 to 60 min
[14]. 1t reported detectable changes in phosphosites as early as
5min, with up to 24.3% of phosphorylation sites showing signif-
icant variation by 60 min. Furthermore, a recent study evaluated
the effects of time from collection to storage at the transcrip-
tome, proteome, and phosphoproteome levels using over 600
colorectal cancer surgical specimens [15]. Molecules showing
differences between tumors and non-cancerous tissue frozen
within 10min (T1) were evaluated based on whether these dif-
ferences were maintained under conditions where storage time
was varied: 10-12min (T2), 13-15min (T3), 16-18 min (T4), and
19-20min (T5). The results showed that in the phosphopro-
teome, 25% and 80% of phospho-sites at T2 and T5, respectively,
failed to maintain their differences. This indicates that a mere
10-min difference in time to freezing causes significant fluctua-
tions in the phosphorylation state of cancer tissue. Furthermore,
for the transcriptome and proteome at T5, 25% and 50% of
phospho-sites failed to maintain the differences observed at
T1, respectively. This demonstrates that the phosphoproteome
is most susceptible to the time interval between sample collec-
tion and storage. To address this issue, we achieved preservation
levels equivalent to fresh cultured cells by freezing endoscopic
biopsy specimens with liquid nitrogen within 20s of collection
[16-18]. This method avoids the effects of ischemia in surgi-
cal specimens, making it highly suitable for phosphoproteome
analysis. Furthermore, compared to needle biopsy, endoscopic
biopsy specimens offer the advantage of a higher probability of
obtaining tissue from the cancerous area. Furthermore, a major
advantage of using endoscopic biopsy specimens is the ability
to analyze consecutive biopsy specimens before and after treat-
ment. In gastric cancer, an inhibitory signature of the ErbB sig-
naling was observed in the post-treatment HER2-positive group
compared with the pre-treatment HER2-positive group [17].
Furthermore, subsequent serial biopsy analysis collected pre-
treatment and on-treatment of paclitaxel and ramucirumab has
revealed the dynamic mesenchymal transitions within gastric
cancer cells, along with the concomitant rewiring of the kinome
network [16].

The method for phosphorylated peptide enrichment is also a
critical factor for cancer phosphoproteomics. In the early 2000s,
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selective enrichment methods were developed using derivatiza-
tion, such as introducing tags via -elimination and Michael
addition of phosphate groups of phosphorylated serine and
threonine residues [19, 20]. Subsequently, the development and
refinement of enrichment techniques using immobilized metal
ion affinity chromatography (IMAC) and metal oxide affinity
chromatography (MOAC) with metal oxides such as titanium
dioxide (TiO,) enabled large-scale identification of phosphory-
lated peptides [21-27]. These methods remain widely used today.
In IMAC, metal ions such as Fe3*, A3+, Ga3*, and Zr** are im-
mobilized on a stationary phase (e.g., silica or agarose beads)
via ligands like nitrilotriacetic acid (NTA) to capture phospho-
peptides. In MOAC, metal oxides (e.g., titanium dioxide, TiO,)
act as anchors, forming multivalent bonds to capture phospho-
peptides. When using phosphopeptide enrichment methods like
IMAC or MOAC, phosphorylated serine and threonine are pri-
marily identified, while phosphorylated tyrosine is often only
identified at 1%-5% of the total. Therefore, for high-sensitivity
analysis of phosphorylated tyrosine, immunoprecipitation using
anti-phosphotyrosine antibodies [28-30] or enrichment meth-
ods using phosphotyrosine-binding domains (e.g., SH2/PTB)
[31] are frequently employed. Furthermore, combining peptide
separation using high-pH reverse-phase chromatography prior
to mass spectrometry can dramatically improve the number of
identified phosphopeptides [32]. This approach is particularly
employed to enhance sensitivity in the analysis of multiplexed
minute samples, such as cancer biopsy specimens.

2.2 | Quantitative Methods for Large-Scale Sample
Analysis

Quantitative analysis using MS-based phosphoproteomics is es-
sential for elucidating dynamic changes in signaling networks.
Phosphorylation, in particular, undergoes stimulus-dependent
and reversible changes, necessitating quantitative comparisons
beyond mere identification. Quantitative methods are classified
into targeted and non-targeted approaches, each offering distinct
advantages and limitations depending on the biological question
and experimental constraints. Non-targeted proteomics aims to
achieve a comprehensive, unbiased survey of the phosphopro-
teome and enables the simultaneous identification and quantifi-
cation of tens of thousands of phosphorylated peptides without
prior knowledge of the analytes. Thus, non-targeted phosphopro-
teomics is often used for exploratory research for hypothesis
generation and systems-level phosphoproteome profiling.

Non-targeted analysis can be classified into isotope-labeled
quantification and label-free quantification. Isotope-labeled
quantification is further divided into metabolic labeling using
stable isotopes and isobaric chemical labeling. A representative
metabolic labeling method is metabolic labeling using stable
isotopes (SILAC: stable isotope labeling by amino acids in cell
culture [33]). SILAC enables accurate relative protein quantifi-
cation in MS-based experiments. In SILAC, cells are cultured
in media supplemented with either “light” (natural) or “heavy”
(stable isotope-labeled) essential amino acids, most commonly
arginine and lysine. During several cell divisions, the labeled
amino acids are incorporated into newly synthesized proteins,
leading to complete metabolic labeling of the proteome. After la-
beling, proteins from differentially treated cell populations (e.g.,

control vs. stimulated) are mixed, digested into peptides, and
analyzed by liquid chromatography coupled with tandem mass
spectrometry (LC-MS/MS). Since “light” and “heavy” peptides
are chemically identical but differ in mass due to isotopic sub-
stitution (e.g., 13C, 15N), their ionization efficiencies are equiv-
alent, allowing highly accurate relative quantification based on
peak intensities. However, due to difficulties in applying SILAC
to clinical samples and its low throughput, the SILAC method is
mainly used in cultured cell-based experiments. For example,
SILAC is an indispensable labeling method for analyzing protein
turnover, particularly leveraging the characteristics of metabolic
labels. Among isobaric chemical labeling methods, iTRAQ [34]
and TMT [35] are widely used. Each reagent has the same over-
all mass but is designed with a balance of isotopes in the reporter
and balance groups. During MS/MS fragmentation, the tags re-
lease reporter ions of distinct m/z values, enabling relative quan-
tification of peptides from different samples while maintaining
identical chromatographic and MS1 properties. TMT labeling,
in particular, allows for multiplexing of 32 samples, reducing
the sample quantity required per analysis. Isobaric labeling
(e.g., TMT) offers high throughput, scalability, and sensitivity
when combined with fractionation. Accordingly, many Clinical
Proteomic Tumor Analysis Consortium (CPTAC) projects have
employed TMT-based phosphoproteome quantification.

Label-free quantification (LFQ), meanwhile, is frequently used
in both basic and clinical research due to its simplicity in sam-
ple preparation and broad applicability. Recently, LFQ has been
combined with the DIA method described later. Comparing
TMT and LFQ, TMT can show lower quantitative accuracy
than LFQ due to ratio compression caused by reporter ion in-
terference. However, within the same batch, TMT tends to show
higher quantitative precision than LFQ [36]. For both chemi-
cal labeling and label-free quantification, experimental design
to minimize batch effects is crucial when analyzing multiple
clinical samples. Quantification in proteome analysis can be
performed using multiple peptides derived from each protein.
However, in phosphoproteome analysis, quantification occurs at
the peptide level, making it prone to missing values. Particularly
in multi-sample analysis, the proportion of missing values in-
creases significantly, making experimental design crucial for
minimizing missing values. As shown in Figure 1, when we
analyzed endoscopic biopsy specimens from gastric cancer, we
adopted TMT labeling and placed a boost sample [37] (a mixture
of gastric cancer cultured cells) in one channel of each batch. By
designing the boost sample to constitute two-thirds of the total
sample amount for the entire batch, we suppressed batch effects,
enhanced signal intensity and increased the number of valid
quantitative values, enabling quantification of 21,103 phosphor-
ylation sites per sample.

Targeted proteomics focuses on the precise and sensitive quan-
tification of predefined peptides or proteins of interest. The most
established techniques—selected reaction monitoring (SRM)
and parallel reaction monitoring (PRM)—achieve high spec-
ificity by monitoring predetermined precursor/fragment ion
pairs [38, 39]. These assays offer superior quantitative accuracy,
linearity, and reproducibility. Classically, the AQUA (absolute
quantification) strategy [40] has been used for absolute quan-
titation, where synthetic stable isotope-labeled phosphorylated
peptides are added as internal standards to precisely quantify
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FIGURE 1 | Experimental design and workflow for quantitative phosphoproteomics using TMT reagent for gastric cancer endoscopic biopsy

specimens [16].

the target peptide amount. Absolute quantification is useful for
directly determining the stoichiometry of phosphorylation sites
or the modification frequency per molecule. In recent years, the
development of targeted quantification technologies such as
SureQuant [41] has enabled highly sensitive and accurate moni-
toring of specific phosphorylation sites. These absolute quantita-
tive approaches are particularly useful for validating candidate
biomarkers in clinical samples.

Targeted affinity-based proteomics platforms such as Olink [42]
and SomaScan [43] enable high-throughput, multiplexed quan-
tification of predefined protein panels using specific binding
reagents. Olink employs proximity extension assays (PEA), in
which paired antibodies linked to oligonucleotides generate a
DNA reporter only when bound to the target protein, providing
exceptional specificity, low sample input, and broad dynamic
range. SomasScan, in contrast, utilizes modified DNA aptamers
with enhanced binding affinities, enabling simultaneous mea-
surement of thousands of proteins in a single assay. Compared
with mass spectrometry-based discovery proteomics, these
platforms offer higher sensitivity but are restricted to predefined
targets and dependent on the availability and performance of af-
finity reagents. They are therefore particularly well suited for
blood biomarker studies. However, quantification of phosphory-
lated proteins is not supported.

2.3 | Mass Spectrometry Measurements

The advancement of MS-based phosphoproteomics has re-
lied heavily not only on improvements in sample preparation

and quantification methods but also on the evolution of mass
spectrometers themselves. Identifying phosphorylated peptides
demands high sensitivity, high resolution, and fast scanning
simultaneously. Responding to these demands, mass spectrom-
etry technology has made tremendous strides over the past
20years, achieving orders of magnitude improvements in ana-
lytical depth.

Early phosphorylation analyses utilized triple quadrupole
(QqQ) and ion trap (IT) instruments, but these had limitations
in detection sensitivity and resolution. Subsequent time-of-
flight (TOF) and FT-ICR instruments significantly improved
resolution, though challenges remained in mass accuracy and
measurement speed, respectively. The turning point came with
the introduction of the Orbitrap mass spectrometer [44]. The
Orbitrap, with its high resolution and excellent mass accuracy,
proved ideal for the precise identification and quantification of
phosphorylated peptides. It subsequently became the standard
instrument widely adopted for proteomics research.

Advances in fragmentation techniques have also contributed
to expanding analytical depth. Conventional CID (collision-
induced dissociation) frequently caused neutral loss of phos-
phate groups, making it difficult to identify phosphorylation
sites. In contrast, the introduction of ETD (electron transfer dis-
sociation) and EThcD enabled the accurate mapping of modified
sites while preserving the peptide backbone [45].

Furthermore, improvements in higher-energy collisional dis-
sociation (HCD) have enhanced the efficiency of phosphosite
identification and quantitative accuracy. Combining this with
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ion mobility separation (IMS) further expands the depth of anal-
ysis for complex phosphoproteomes. Specifically, the combina-
tion of trapped ion mobility spectrometry (TIMS) and parallel
accumulation-serial fragmentation (PASEF) achieves both high
measurement speed and sensitivity, making phosphorylation
analysis at the single-cell level increasingly feasible [46, 47].
Furthermore, the recently developed Astral analyzer enables
quantification of over 30,000 phosphorylation sites in a single
run at a measurement speed reaching 200 Hz [438, 49].

Regarding data acquisition methods, alongside DDA (Data-
Dependent Acquisition)—which selects the strongest precursor
ion from the MS1 scan for sequential MS/MS identification—
DIA (Data-Independent Acquisition) methods have been devel-
oped [50, 51]. These divide the MS1 precursor ions across a broad
window, independent of intensity, and comprehensively mea-
sure all via MS/MS. This enables the analysis of low-intensity
peptides and improves reproducibility. This allows comprehen-
sive analysis of low-intensity peptides, improving reproducibil-
ity. While interpreting complex spectra was an early challenge
for DIA, the emergence of algorithms using machine learning
and neural networks (e.g., DIA-NN [52]) has enabled results sur-
passing conventional DDA in both depth and accuracy.

2.4 | Identification and Quantification

In MS-based phosphoproteomics analysis, the evolution of mass
spectrometers has led to the generation of massive amounts of
data, making the development of software for identification and
quantification indispensable. Particularly in phosphorylation
analysis, the accurate identification and quantification of mod-
ified sites determine the reliability of research results, driving
the successive development of specialized algorithms and inte-
grated analysis environments.

Initially, database search engines like SEQUEST [53] and
Mascot [54] were mainstream, identifying peptides by matching
MS/MS spectra against known sequence databases. However,
the identification of modified sites proved difficult due to
phosphorylation-specific neutral losses and spectral complexity
caused by multiple modifications. To overcome this, methods
like Ascore [55] and Localization Probability [56] were devel-
oped. These techniques, which statistically calculate the local-
ization probability of phosphorylation sites, are now widely used.

Subsequently, alongside improvements in identification accu-
racy, MaxQuant emerged and became standardized as an inte-
grated platform supporting diverse quantification methods such
as label-free quantification, SILAC, and TMT [57]. Notably, the
Andromeda search engine incorporated into MaxQuant enables
analysis considering phosphorylation modifications, such as
calculating localization probability, and accelerating large-scale
phosphorylation analysis studies.

Recent developments include DIA-specific analysis software,
exemplified by Spectronaut [58] and DIA-NN [52]. These lever-
age machine learning algorithms to enable bulk quantification
of phosphorylated peptides. Furthermore, Skyline, specialized
for target-based analysis like PRM and SRM, is widely adopted
as the gold standard software for targeted proteomics [59].

2.5 | Informatics Analysis

Data obtained from MS-based phosphoproteomics is vast and
complex, requiring advanced informatics analysis for biological
interpretation. Phosphorylation, in particular, is a core modifi-
cation in signaling pathways. Understanding it demands more
than mere site identification; it requires system-level compre-
hension through kinase activity estimation, pathway recon-
struction, and network analysis.

Computational inference of upstream kinase activity from
phosphoproteomic data relies on three broad classes of informa-
tion sources. Sequence motif-based approaches exploit the pref-
erence of kinases for specific amino acid patterns surrounding
phosphorylated residues, scoring phosphosites using position-
specific scoring matrices or consensus motifs to estimate ki-
nase compatibility. Curated kinase-substrate database-based
methods aggregate phosphorylation changes across experimen-
tally validated substrate sets derived from resources such as
PhosphoSitePlus, enabling enrichment or activity scoring that
reflects coordinated regulation of known targets. Furthermore,
learned models, including machine-learning and deep-learning
approaches, have been developed to infer kinase—substrate re-
lationships and kinase activity directly from data by integrat-
ing sequence context with additional features such as structural
information, evolutionary conservation, or network connectiv-
ity [60-62]. Together, these approaches differ in their assump-
tions and coverage but share the common goal of translating
phosphosite-level measurements into interpretable estimates
of kinase signaling activity [63]. However, kinase activity esti-
mation often favors well-studied kinases and may complicate
biological interpretation. Therefore, developing methods to sys-
tematically and large-scale acquire kinase-substrate information
is critically important. We have successfully identified multiple
ALK substrates simultaneously by combining phosphoproteome
and interactome analysis using a doxycycline-inducible kinase
expression system. Extending this approach to other kinases is
expected to expand kinase-substrate information. Additionally,
a novel substrate and signaling pathway identification approach
focusing on co-phosphorylation changes in large-scale clinical
sample phosphoproteome data has been reported [64]. While re-
ducing the false positive rate remains a challenge, the exponen-
tial growth of phosphoproteome data from clinical samples is
anticipated, making it possible to obtain more accurate kinase-
substrate information.

2.6 | Limitation of MS-Based Phosphoproteomics

Mass-spectrometry-based phosphoproteomics has become an
indispensable tool for mapping signaling networks at scale, of-
fering unparalleled breadth and the ability to uncover previously
uncharacterized phosphorylation events. Nonetheless, several
practical considerations are important for appropriately inter-
preting MS-derived phosphoproteomic data and understanding
how these methods complement targeted approaches.

One central consideration is that MS does not inherently guar-
antee detection of specific phosphosites of interest, particularly
when they are present at very low abundance. This is not a lim-
itation of MS per se, but rather a reflection of the extraordinary
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patient populations, kinases, and phosphoproteomic signaling pathways for therapeutic development by integrating prognostic information through
differential analysis of phosphoproteome and kinase activity before and after drug administration. Furthermore, it illustrates drug ranking based on
correlation analysis using kinase activity and drug sensitivity datasets, as well as drug validation.

dynamic range and biochemical complexity of the phosphopro-
teome. Although enrichment strategies and instrument sensi-
tivity continue to improve rapidly, low-stoichiometry sites may
still fall below detection thresholds, especially in highly com-
plex samples. Additionally, ionization efficiencies differ among
peptides, leading to preferential detection of certain phospho-
peptides. Advances in chromatography, ion mobility, and acqui-
sition strategies continually mitigate these issues, but sampling
depth remains finite due to inherent constraints in instrument
duty cycles and chromatographic peak capacity. Further im-
provements in instrument sensitivity and data analysis are ex-
pected to alleviate these limitations in the future.

Furthermore, kinase activity in vivo is modulated by protein
abundance, subcellular localization, activation loop phosphor-
ylation, and allosteric regulation, as well as docking interac-
tions, priming phosphorylation, and counter-regulation by
phosphatases. Additionally, many phosphosites are targeted
by multiple kinases, further confounding straightforward at-
tribution. Unraveling these complexities is challenging, but
combining high-resolution spatial proteomics technologies,
chemical biology methods that directly quantify kinase activity,
and computational protein structure analysis may hold the key
to solving them.

Formalin-fixed, paraffin-embedded (FFPE) tissues represent
one of the most valuable resources for translational research, of-
fering access to well-annotated clinical specimens. Recent meth-
odological innovations have significantly enhanced the depth of
phosphoproteomic profiling from FFPE samples [65, 66]. Recent
studies analyzing fresh frozen tissue and FFPE sections from
rats have reported high correlation between the phosphopro-
teomes of fresh frozen tissue and FFPE sections when rapidly
pretreated at 4°C. Therefore, as mentioned in Section 2.1, mini-
mizing the time until fixation is crucial for the quality of FFPE
phosphoproteome analysis. Furthermore, the biological inter-
pretability of FFPE-derived phosphoproteome datasets remains
unclear, as there are still few reported cases and insufficient
information regarding the conservation quality at individual
phosphorylation sites.

3 | Applications of Phosphoproteomics in Cancer
Signaling Characteristics and Identification of
Therapeutic Targets

Phosphoproteomics is a powerful approach that systematically
analyzes phosphorylation events—central to cellular signaling—
and visualizes disease-specific signaling abnormalities. Table 1
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shows examples of phosphoproteome analysis in cancer clini-
cal specimens or patient-derived cells, along with therapeutic
target development research. In Phase 2 of CPTAC, initiated
in 2011, proteome analysis of clinical specimens from various
cancer types was conducted [74]. In most cases, surgical spec-
imens were used, and proteogenomic analysis was employed
to elucidate cancer characteristics. Notably, in colon adenocar-
cinoma and breast cancer, activation of the CDK-Rb axis was
identified in patients with phosphorylated Rb protein or high
Rb expression, leading to the proposal of CDK inhibitor-based
therapy [67, 69]. Furthermore, in clear cell renal cell carcinoma,
compared to normal tissue, normal adjacent tissue (NAT), the
PI3K-AKT-mTOR pathway and RTK-MEK-ERK pathways are
activated in tumors. Utilization of inhibitors targeting upstream
and downstream molecules of these pathways—VEGFR, EGFR,
MEK, ERK, AKT, mTOR, and CDK—has been proposed [68].
Since 2020, studies have been reported that not only identify
target patient populations, target kinases, target pathways, and
therapeutic candidates using phosphoproteomics, but also vali-
date therapeutic agents in vitro and/or in vivo models (Table 1,
studies 4-8, [16, 70-73]). As shown in Table 1, previous stud-
ies mainly used bulk tissue or biopsy samples. Thus, findings
regarding the intratumoral heterogeneity were limited. In the
future, combining high-depth proteome data from bulk samples
with single-cell-level spatial proteomics data will enable us to
elucidate tumor heterogeneity. This will allow for more precise
target selection.

Figure 2 illustrates the workflow for therapeutic target discov-
ery using phosphoproteomics. We present an example compar-
ing the phosphoproteome before and during drug treatment. By
comparing the phosphoproteome before and during drug treat-
ment in each patient, it becomes possible to capture the drug's
effects while minimizing individual variability. Next, by func-
tionally annotating phosphorylation sites and estimating kinase
activity using substrate motif analysis and kinase-substrate da-
tabases, the drug-responsive kinase signaling pathway in each
patient becomes apparent. For example, Figure 3 shows kinase
activity profiles for the proliferation subtype, mesenchymal sub-
type, and oxidative phosphorylation subtype, as defined by un-
supervised clustering of the phosphoproteome data of untreated
gastric cancer patients [16]. Subsequently, within patient cohorts
stratified based on prognostic information or omics data, we
focus on the patient group eligible for treatment and identify
the kinases and signaling pathways activated in that cohort. If
no drugs targeting the identified kinases or signaling pathways
have been developed or are unapproved, we adopt a computa-
tional approach for drug selection. We select as many cultured
cells, patient-derived cells, or PDX mouse models as possible for
the target cancer type. For cultured cells, we typically select 30
to 50 cell lines. We then perform phosphoproteome analysis to
obtain kinase activity profiles and simultaneously acquire pub-
lic or in-house drug-sensitivity profiles. Correlation analysis of
both datasets creates a kinase-activity-drug-sensitivity correla-
tion map. Drugs exhibiting high sensitivity to the pre-selected
therapeutic target kinase activity are selected. Subsequently,
the anti-tumor efficacy of these drugs is validated in vitro and
in vivo.

Regarding cancer diagnosis using phosphoproteomics, a clini-
cal proteomics and phosphoproteomic workflow for integration

Subtype 1 (Proliferative subtype)

Branch Color
[ b |
Node Color

NES

m b |
Node Size
Logto palue

Atypical Kinases

Atypical Kinases

FIGURE 3 | Kinase activity profiles of treatment-naive gastric can-

cer phosphoproteomic subtypes [16].
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into the molecular tumor board workflow of the Germany-wide
INFORM (for children with relapsed cancers) and MASTER
(for young adults with refractory cancers and patients with
rare tumors) registry studies was established [75]. This project
demonstrates that phosphoproteome analysis possesses the re-
producibility, throughput, and sensitivity required for routine
implementation. The proteomics data and real-world data that
will accumulate going forward will provide valuable insights
not only for diagnostics but also for the development of novel
therapies.

4 | Conclusion

MS-based phosphoproteomics has achieved remarkable depth
and precision, enabling large-scale profiling of phosphorylation
events. These advances provide unprecedented opportunities to
interrogate cancer signaling networks and identify therapeu-
tic vulnerabilities. Remaining challenges include incomplete
kinase-substrate databases and the need for integration with
single-cell and spatial proteomics. The incorporation of artificial
intelligence—-driven network analysis is expected to further ac-
celerate progress. Collectively, these developments are expected
to establish phosphoproteomics as a cornerstone for precision
oncology, rational drug development, and mechanistic explora-
tion of cancer biology.
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