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Abstract

Single-cell proteomics (SCP) is an exciting new field of study with developments in the areas
of sample preparation, instrumentation and informatics. SCP has captured the imagination
of biologists and clinicians and the critical interest of both academic and commercial mass-
spectrometry groups. Currently (i.e., at the time this manuscript was written), SCP is still
difficult and slow relative to competing single-cell technologies. What SCP may lose in
relative throughput, it trades for direct analysis of protein and proteoforms, albeit with
biases toward those of the highest relative concentration in each cell. These strengths may
not make SCP the technology of choice for every study. This perspective is intended to
identify current and future biological or clinical areas where SCP has or could have the
greatest potential to advance human health and knowledge. I will also discuss applications
where SCP would be less impactful than other technologies and where SCP, when mature,
could play a true role in clinical diagnostics.

Keywords: single-cell proteomics; single-cell technologies; single-cell transcriptomics; low
input diagnostics; spatial proteomics

1. Introduction
Single-cell proteomics (SCP) is today’s moonshot program for mass spectrometry

(MS) [1,2]. It is difficult to decide when to stop adding to the growing list of advances
developed for SCP, which are trickling their way down to other aspects of liquid chro-
matography mass spectrometry (LCMS). While these have been more thoroughly and
completely described by others [3,4], the list that has developed in just a few short years
is impressive enough to note. At the bench, we have new ways to prepare samples with
far less sample loss than ever before [5,6]. Striving for efficiency has led to the adoption
of nanovolume sample-handling devices in many labs [7,8]. New surfactants such as n-
Dodecyl-β-D-maltoside are now almost ubiquitously used in LCMS proteomics workflows,
even when samples may not be accurately characterized as “ultra-low input” [9–11]. More
rapid digestion methods are likely already in development due to increasing competition
for proteomics throughput [12], but new enzymes with relatively high costs may be easier
to justify when a single aliquot is sufficient for digesting thousands of single-cell or low-
input samples [13]. Liquid chromatography (LC) systems are now stably flowing at lower
rates than ever before, an affordance enabled by smaller commercially available nanoflow
columns [5,6]. These new separation methods have even started to cut into the historic
gaps in flow rates between LC and capillary electrophoresis (CE-MS) applications [14–16].
Cleverly leveraging traditional labeling reagents popularized by the SCoPE-MS workflows
have been used for “BOOSTing” peptide signals in phosphoproteomics [17,18] and in
other difficult materials [19–21]. In the new competitive hardware environment, single-cell
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proteome coverage is now just as leveraged as a sales tactic as the number of proteins
in cancer cell line digests. Vendors have found a market hungry for high-resolution MS
detectors with ever increasing sensitivity, and nearly all have found creative new ways
to provide it [22,23]. Both high-resolution and low-resolution ion mobility separations
are being leveraged to provide cleaner spectra [24,25]. Counter-intuitive methods such as
wide-window acquisition have proven surprisingly successful in many applications [26,27].
Finally, the rapid adoption and simplification of proteomic algorithms enabled by artificial
intelligence have now allowed unprecedented depth of analysis in both new and previously
acquired data [28–30]. All of these tools have compounded to make SCP more accessible
and available to every mass spectrometrist. The remaining question is as follows: where
should it be applied, as competitive solutions for single-cell analysis have existed for a
long time?

2. Competitive Technologies
Before going further, I should at least skim over some other relevant technologies in

this space.
The most relevant competition would appear to be the many variations of single-cell

transcriptome sequencing (scSeq) [31–35]. Although historically contentious, it is now
well accepted that the correlation between transcript and protein abundance is, at best,
poor in eukaryotes [36–39]. scSeq excels in detecting heterogeneity in cellular transcript
abundance and achieving incredible throughput [40]. Coupled technologies such as the
commercial product “Total-Seq” leverage barcoded cell surface antibodies that allow both
transcript abundance and the relative abundance of target proteins to be simultaneously
measured [41,42]. In the protein space, antibodies have long been bound to fluorophores
for flow cytometry analysis, which can allow protein abundance inference from up to
twenty targets across populations of millions of individual cells [43]. When more targets
are required, antibodies and single-cell flow can be coupled with metals and inductively
coupled plasma mass spectrometry (ICP-MS), respectively, by integrating tools on one’s
own or through commercial setups such as the CyTOF platforms [44,45].

All these tools provide higher throughput but lower relative numbers of protein targets
than SCP, with the obvious caveats being the challenges of utilizing antibodies in analytical
workflows [46]. Of particular interest to this proteoform-centric journal, antibody-based
tools are often employed against peptides or linearized versions of protein sequences.
While molecular techniques such as Western blots can provide insight into the presence
of alternative proteoforms and off-target binding with measurements in the mass domain,
they are not readily available in these single-cell technologies and therefore provide no
proteoform-level information [47–49]. In contrast, modern untargeted SCP can provide
quantification of hundreds of proteins at a rate of hundreds of cells per day or thousands of
proteins at a rate of dozens of cells per day [50]. While not all proteoform information is
captured by today’s SCP techniques, advances are being made in both the post-translational
modifications PTM and intact proteoform space, particularly for large types of cells [51]. It
is worth noting that the field of spatial proteomics continues to develop in parallel with SCP,
largely by taking advantage of the increased sensitivity of MS and LCMS hardware [52].
Today, multiple groups have leveraged laser capture microdissection to isolate areas of
tissue down to the size of a single human cell [53–55]. While the number of ways that spatial
proteomics can be performed exceeds the plans for this manuscript, I will attempt to note
where they synergize. A similar and highly related concept is “single-cell type proteomics”
(SC-TP), in which a population of cells with the highest possible homology are isolated
and analyzed. As with spatial proteomics, SC-TP takes advantage of the fact that today’s
hardware can provide near-complete proteome coverage from less than one hundred cells,
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with limitations that will be described within this work [22,56,57]. Ultimately, the goal of
this perspective is to point out where SCP can play a role and what advantages, if any, it
has over relevant competing solutions today. I’ve attempted to summarize these in the
cartoon in Figure 1 and will further elaborate on each on in the following sections.

 

Figure 1. A summary of applications of single-cell proteomics that will be discussed in this Perspec-
tive article.

3. Potential Applications of Single-Cell Proteomics (SCP)
3.1. Complex Cellular Environments

It is likely not imprudent to wonder which cellular environments are not complex, but it
is worth pointing out that clonal populations of cells are at an evolutionary disadvantage in
every system on Earth [58,59]. Even cellular systems once thought to have a singular function
have proven to have both single-cell and spatial heterogeneity. An example pertinent to my
current work is the human liver, which is notable in that 80–90% of all cells within it are of a
single cell type, the hepatocyte [60]. Primary and immortalized hepatocytes are the workhorses
of the pharmaceutical industry, allowing the rapid identification of toxins and production
of secondary metabolites for study prior to the use of more complex in vivo models [61–63].
Recent work involving spatial transcriptomics and “deep visual proteomics” or high-resolution
laser capture microdissection coupled with proteomics has revealed the complexity of the
intracellular environment of the simple human liver [52,64–66]. We now know that hepatocytes
exist in tightly controlled spatial compartments, called zones [67]. While visually the same cell
type, there are unique expression patterns within each zone that complicate any analysis based
on cellular homogenates. Surprisingly, even in human tumors, which often arise when a single
cell becomes an out-of-control dividing clonal population, other cell types are nearly always
present. Without the development of vasculature to feed hungry cells within the growing tumor,
the total tumor mass is strictly limited [68,69]. Therefore, homogenates of even small tumor
biopsies are likely to identify proteins that are not expressed by the cancer cells themselves [70].
Dissociated cells studied via SCP can provide insight into which cells are present and in what
numbers. It should be noted, however, that when cell-type markers are available, the closely
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related “single-cell type proteomics” (SC-TP) may provide equally useful information. SC-TP
leverages the analysis of smaller numbers of cells than traditional proteomics by enriching or
purifying the cells of interest with tools such as flow cytometry [71,72]. It should be noted that
in the excitement for the new field of SCP, there has been some confusion regarding it and
the much older field of SC-TP. This is one of many reasons for the development of a recent
community-generated set of guidelines that calls for clarifying nomenclature [73]. SC-TP does,
however, require ways to enrich or purify the cells of interest, which may require discoveries
based on spatial proteomics or SCP to be created, as discussed further in Section 3.6.

3.2. Multiple Adaptation Phenotypes

It is now generally accepted that even a clonal population of cells will respond in a
heterogenous manner when treated with the same drug. Many of these differences may
simply result from the cell’s relative status and stage in the cell cycle [74]. In addition,
the relative amount of cell-to-cell contact in each individual can lead to large changes
in phenotypes. The latter example can be observed in the extreme differences in drug
sensitivity that can arise when cells are grown in two-dimensional as opposed to three-
dimensional culture conditions [75,76]. Many scientists are in the translational business
of killing cancerous or virus-filled cells with chemotherapeutics or anti-viral therapies.
Heterogeneity in response to drugs can lead to poor effectiveness or ultimately outright
resistance [77–81]. SCP can provide new insights into these cellular responses by both
identifying phenotypic responses and providing estimates of cells with each expression
profile. As noted in the next section, however, rarer cells in the overall population may be
easier to identify using methods with higher throughput than SCP. Conversely, however,
scSeq may not provide an accurate representation of multiple responses, as nearly all drugs
target active proteoforms and not all result in transcript-level responses [82,83].

3.3. Rare Cell Types in a Population

The simplest example of the importance of rare cell types is also likely cancer, where re-
currence or metastasis is thought to be possible even if only a few cells survive a chemother-
apy regimen [84–86]. SCP can help identify rare cells, but it should definitely be noted that
this task is a challenge with today’s current throughput. If we define a rare cell type as
one occurring in 4% or less of all cells analyzed, it is possible that only one of these cells
(or less) will be analyzed using label-free SCP each calendar day [87]. Without repeatedly
identifying these rare cells, it is possible, and even likely, that these cells will be discarded
as outliers [88]. Even in multiplexed SCP, where throughput can be in the hundreds of
cells per day, the reliance on a “carrier” channel of pooled cell lysates may mean that
the rare cells are only spuriously detected, particularly if the proteins that make that cell
special are not well-represented in the pooled carrier channel [89–92]. It is likely that
higher-throughput methods of global cellular characterization such as scSeq will be more
capable of identifying the presence of rare cell types. These could then be evaluated with
enrichment or more targeted proteomic methods to validate these findings.

3.4. Terminally Differentiated Cells

Many cells either divide slowly or not at all, which limits the power of any genetics-
oriented technology [59]. Cardiomyocytes and neurons are both examples of cell types
that are genetically static due to their extremely low rates of cellular division. As such,
heterogeneity in the proteomes of these cells is almost exclusively identified through
proteoform-level differences between individual cells [93]. This is further supported by
the observation that mRNA–protein correlations in the brain and heart are among the
poorest in all known tissues [39]. However, the most obvious example is red blood cells,
which lack a nucleus entirely and are therefore a poor option for nucleotide-sequencing
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techniques [94]. Pathologies obviously occur in these cell types, and SCP may be the only
option for assessing heterogeneity in global expression profiles in single cells [95]. It should
be noted that multiple studies involving SCP have raised the question of what actually
defines a cell type. Work on macrophage differentiation [20], the dissection of cells from a
mature heart [93], and the purification of cells from human blood [26,96] has suggested the
existence of new cell types or sub-types that express proteome profiles that fit somewhere
between those of accepted cell types.

3.5. Protein Post-Translational Modifications

Today, SCP is the only technology that can globally assess protein and proteoform
post-translational modifications (PTMs) in single human cells [97]. There are a number
of limitations to this approach, however, including the current lack of effective enrich-
ment strategies for single cell levels of a material. While there has been progress in this
area thanks to robotics and microreactors, the corresponding efforts are arguably method
development projects and years from increasing PTM numbers over global analysis meth-
ods [98]. Fortunately, the recent increases in the relative speed of high-resolution LCMS
systems now allow thousands of high-abundance PTMs to be detected in global proteomics
data [30,99,100]. The remaining challenges are often informatic ones. Classical searches
require the consideration of each peptide in both unmodified and modified forms, which
can combinatorially expand search spaces. While this can be computationally challenging,
a more pressing issue may be the expansion in the decoy space, which can lead to limited
power in false-discovery discrimination. Modern search tools have found ways around
these issues, but it is easier to simply search for the unmodified peptide sequences, despite
the fact PTMs can be found, quantified and validated [30,99,100]. By simply looking for
likely PTMs, early work in this SCP field identified eight different classes of PTMs in
high-abundance proteins in individual human cancer cells, even at a coverage level that is
low by today’s standards [97]. Further work by my group [81,101] and others [102,103] has
demonstrated the robust nature of PTM identification for high-abundance proteins. As the
depth of SCP data continues to increase, the number of PTMs identified in each cell will
certainly continue to increase too (as reviewed in [104]). One notable limitation today is
the relative difficulty of identifying PTMs in data-independent analysis (DIA) LCMS data.
While the peptide PTM ions and fragments are likely well represented in these spectra,
multiple challenges still exist. The first is simply the increased relative complexity of each
tandem mass spectrum. Few chemical bonds behave as predictably during fragmentation
as peptide bonds, and PTM fragmentation complicates spectra in a number of ways [105].
A second challenge is the increased reliance of LCMS scientists on using deep learning algo-
rithms to predict peptide fragmentation patterns. While multiple tools that can extend deep
learning to peptide PTMs have been described, they are largely experimental and poorly
adopted and have been exclusively demonstrated functionality on Orbitrap hardware [106].
Recent work has, however, demonstrated the identification of both PTMs and mutations
leading to single-amino-acid variants in single-cell DIA data. This approach leverages
classically generated libraries from cellular homogenates analyzed with data-dependent
methods. If nothing else, this study serves as a powerful proof of concept that single-cell
PTMs will later be found in reanalysis with more sophisticated algorithms or improved
libraries [102,107].

3.6. Identification of New Cell-Type Markers for Research and Pathology Applications

As mentioned in previous sections, antibodies can be leveraged for both homogenate,
single-cell, and single-cell-type analyses. These tasks all depend on the confident identifica-
tion of cell-type markers for antibodies to be raised against. One direct application of SCP
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currently under exploration is the identification of new cell-type markers. Deep visual pro-
teomics with single-cell resolution has been successfully applied to multiple models, and
new antibodies for classic-microscopy-based pathology assays and other uses are already in
development [52,54,108,109]. While these discoveries currently rely on spatial proteomics,
it is not a stretch to imagine how SCP can serve in such a manner. Due to the biases of
SCP toward the proteins with the highest relative concentrations, protein targets identified
should prove particularly amenable to antibody-based detection [110,111]. Figure 2 is a
cartoon that illustrates this workflow. A caveat for this approach is that LCMS-based pro-
teomics has historically struggled with cell surface and membrane proteins, which are often
used as cell-type markers. These limitations are largely due to the lack of basic residues
such as lysine and arginine in membrane proteins and the dependence of LCMS proteomics
on enzymes that preferentially cut at these residues [112,113]. With the recent emergence
of low-cost, high-specificity enzymes from archaea, this may soon be a limitation of the
past [114]. The advantage that SCP has over scSeq in the identification of new pathological
markers is almost entirely due to the low or non-existent concordance between transcript
and protein abundance, which has recently been demonstrated to exist even at the level of
single cells analyzed simultaneously with both techniques [7,38].

 

Figure 2. A cartoon describing the dissociation of cells for SCP analysis for the identification of cell
markers and eventual antibodies for use in microscopy-based pathology assays.

3.7. Low-Cell-Input Diagnostics

Perhaps the most exciting avenue for SCP in the future is the promise of minimally
invasive diagnostics that harvest small numbers of cells for analysis. For example, we
have long known that when pancreatic cancer is caught early, it is far more likely to be
treatable than when it is detected at later stages [115]. The pancreas, like many organs, is
simply difficult to sample. Multiple studies have demonstrated success in microsampling
or micro-biopsies in tissues for which larger sampling methods are too dangerous or
detrimental to the patients to be applied [116]. In one study, up to seven thousand cells
were extracted from the pancreases of patients with these methods, although the average
number of cells was far lower throughout the patient population studied. While single cells
can be extracted from a patient, limited diagnostic efficacy has been reported from such
approaches when scSeq is applied to these isolated cells. As powerful as scSeq is, it does not
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excel in the analysis of small numbers of cells, as the low signal-to-noise ratio of these data
is improved through the acquisition of thousands of repeated single-cell measurements.
Without thousands of samples of each cell type, discriminatory power is too low for
diagnostic development [7,20]. In addition, the primary mutations in pancreatic cancer can
be single mutations, which lead to overactivation of signaling cascades, which are primarily
phosphorylation and intrinsically invisible in transcript-level measurements [78,117,118].
While antibody-based techniques can allow direct identification of these sites in single
cells, the small number of potential targets in these assays can propagate false-negative
findings [119,120]. While we have yet to see the application of low-input or single cells
in living-patient diagnostics, examples in single-cell spatial proteomics of patient slides
have demonstrated the closest thing [52–54]. If you would like me to cancel events in my
calendar and lie to students about where I am, please tell me that you would like to discuss
applying SCP to diagnostic development.

4. Conclusions, Challenges and Future Directions
It is increasingly difficult to keep up with the advances of single-cell proteomics,

even for researchers such as this author, who has labs solely dedicated to this field of
research. For example, during the peer-review process for this perspective, multiple
studies highlighted the value of applying SCP to understanding human fertility and
early development [51,121,122]. While there are undoubtedly further applications to
consider, the barrier for entry into the field is still remarkably high. Few proteomics
labs have the hardware and skills required for isolating single cells. While hardware
can be purchased [13], maintaining cells for meaningful biological studies requires skill
and experience [88,123]. If these skills are present or can be found through collaboration,
the challenges of data analysis and interpretation lurk at the end for new practitioners.
While attempts are being made to address the informatics challenges, they should be a
clear priority for the field in order for it to move forward [26,88,89,124–129]. While this
perspective will likely be out of date by the time you are reading it, I hope it can provide
some insight into when SCP might make a difference in biological and clinical discovery.
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