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Analyzing proteins from single cells by tandem mass spectrometry (MS) has
recently become technically feasible. While such analysis has the potential
to accurately quantify thousands of proteins across thousands of single
cells, the accuracy and reproducibility of the results may be undermined by
numerous factors affecting experimental design, sample preparation, data
acquisition and data analysis. We expect that broadly accepted community

guidelines and standardized metrics will enhance rigor, data quality and
alignment between laboratories. Here we propose best practices, quality
controls and data-reporting recommendations to assist in the broad
adoption of reliable quantitative workflows for single-cell proteomics.
Resources and discussion forums are available at https://single-cell.net/

guidelines.

New approaches and technologies for experimental design, sample
preparation, data acquisition and data analysis have enabled the
measurement of several thousand proteins in small subpopulations
of cells and even in single mammalian cells' . These developments
open exciting new opportunities for biomedical research', as illus-
trated in Fig. 1. In some systems, subpopulations of molecularly and

functionally similar cells can be isolated and analyzed in bulk, which
allows for deeper proteome coverage. Other systems, however, do
not allow for such isolation due to continuous (rather than discrete)
phenotypic states or due to unknown cell states or markers™*. Such
systems require single-cell analysis; it is particularly needed for dis-
covering new cell types® and for investigating continuous gradients
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Fig.1| Emerging applications of single-cell proteomics by MS. Single-cell
proteomic measurements can define cell type and cell state clusters’, support
pseudotime inference, link protein levels to functional phenotypes, such

as phagocytic activity'®, quantify protein covariation and apply it to study
protein complexes"*", analyze protein conformations” and quantify protein

modifications, such as phosphorylation and proteolysis****, Furthermore,
integrating protein and RNA measurements from the same biological systems (as
inrefs. ) allows inferring transcriptional and post-translational regulation'®
and investigating the covariation of transcription factors and downstream target
transcripts'. Dim, dimension; PC, principal component.

of cell states, which has already benefited from single-cell MS pro-
teomics®'*'%, Furthermore, when a large number of single cells are
analyzed, the joint distributions of protein abundances enable new
types of data-driven analysis (Fig. 1) that may supportinferences with
minimal assumptions'>".

Despite these promising prospects, single-cell MS is sensitive to
experimental and computational artifacts that may lead to failures,
misinterpretation or substantial biases that can compromise data
quality and reproducibility, especially as the methodologies become
widely deployed. To minimize biases and to maximize quantitative
accuracy and reproducibility of single-cell proteomics, we propose ini-
tial guidelines for optimization, validation and reporting of single-cell
proteomic workflows and results.

The tandem MS methods for single-cell bottom-up proteomics
span a range of techniques®, including multiplexed and label-free
methods, both of which can be performed by data-dependent acquisi-
tion*** and data-independent acquisition (DIA)”'°. The initial recom-
mendations presented here are relevant to all these methods, and we
will note any exceptions. Our initial recommendations for experimental
design, dataevaluationand interpretation, and reporting are intended
to stimulate further community-wide discussions that mature into
robust, widely adopted practices.Imaging and top-down MS methods
arealsoadvancingand reachingsingle-cell resolution?*, although they
differ substantially from MS-based bottom-up proteomic methods
and are outside the scope of these recommendations.

Experimental design

Best practices for single-cell MS proteomics can effectively build on
established practices for bulk analysis®***. Common best practices
include staggering biological treatments, sample processing and

analytical batches so that sources of biological and technical variation
can be distinguished and accounted for during result interpretation.
Similarly, randomization of biological and technical replicates and
batches of reagents during sample processing (for example, mass tags
for barcoding) are recommended to minimize potential artifacts and
to facilitate their diagnoses. We also recommend including appropri-
ately diluted bulk samples as technical quality controls. The follow-
ing specificissues are relevant for the design of single-cell proteomic
measurements.

Single-cellisolation

Aprimary goal of sample preparation should be to preserve the biologi-
cal state of cells with minimal perturbations. This can be challenging
for tissues and for adherent cell cultures as cell isolation may require
vigorous dissociation or detachment procedures. Extracting single
cells fromtissue samples in some cases may require enzymatic diges-
tion of proteins, which may cleave the extracellular domains of surface
proteins. Potential artifacts arising from these manipulations should
be considered and may be minimized by using more gentle dissocia-
tion procedures, such as chelation of cations stabilizing extracellular
protein interactions. Dissociated single cells should be thoroughly
washed to minimize contamination of MS samples with reagents used
for tissue dissociation.

While proteins are generally more stable than mRNA*, most
good practices used for isolating cells for single-cell RNA sequencing
(scRNA-seq) and flow cytometry®, such as quick sample processing at
low temperature (4 °C), are appropriate for proteomics as well. Timing
and other parameters of the cell-isolation procedure may be impactful
and therefore should be recorded so that technical effects associated
with sample isolation can be accounted for in downstream analysis.
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We recommend collecting as much phenotypic information as pos-
sible from cells prepared and isolated in the same manner, including
cellular images and any relevant functional assays that can be per-
formed. Such phenotypic data allow for orthogonal measures of cell
state to be combined with MS data and thus to strengthen biological
interpretations. Whileisolating single cells of interest, we recommend
also collecting bulk samples from the same cell population (if possible).
Having such bulk samples will allow for the inclusion of positive con-
trols and for benchmarking; these two topics will be discussed morein
sections below.

Many studies have used flow cytometry for isolating cells froma
single-cell suspension”%'¥, Flow cytometry can performvery well, as
indicated by the successful results of such studies. Yet, in the absence
of high-performing sorters and expert operators, it may be one of
the least robust steps of the workflow’. Thus, verifying the ability to
robustly isolate individual cells by flow cytometry may save much
time from troubleshooting downstream analysis steps. Studies have
alsoisolated single cells by cellenONE**?, and it supports gentler and
morerobustisolation than flow cytometry, whichis particularly help-
ful with primary cells'.

When analyzing the proteomes of single cells from tissues, the
spatial context should be characterized as best as possible, includ-
ing both the location of each cell in the tissue and the extracellular
matrix around it. Although a great area of interest, such single-cell
MS proteomic analyses are in their infancy. Feasible approaches for
spatial analysisinclude tissue sectioning by cryotome and laser-capture
microdissection (LCM), which can be used to extractindividual cells*®.
LCM hasbeen used for spatially resolved extraction and subsequent MS
analysis of tissue regions®. The application of plexDIA and isotopolo-
gous carriers”*” are showing promise to extend this analysis to single
cells extracted by LCM*’, We recommend avoiding the use of protocols
that require cleanup fromdetergents for tissue disruption and instead
prefer methods using only MS-compatible reagents.

Reducing contamination

Minimizing sources of contaminating ion species that dispropor-
tionately affect the analysis of small samples is critical for single-cell
proteomic measurements. Contaminatingions can result from many
sources, including reagents used during sample preparation, impure
solvents, extractables and leachables from sample contact surfaces,
and especially carryover peptides from previous single-cell or bulk
runs that may persist within liquid handling, instrument components,
capillaries and stationary phases, such as needle-washing solutions and
column-retained analytesinliquid chromatography (LC) and reservoirs
incapillary electrophoresis. Typically, only about 1% of peptides persist
on C18 column resin following a run, and they may appear in subse-
quent runs asa carryover ‘ghost’ signal®*. Fortunately, these carryover
peptides generally make a quantitatively insignificant contribution to
consecutive samples of comparable amounts.

However, when bulk samples are interspersed with single-cell
runs, carryover peptides from these bulk samples may substantially
contaminate or even dwarfthe peptide content derived fromthe single
cells. Thus, contaminants frombulk sample runs are oftenincompatible
with quantitative single-cell analysis on the same LC-MS system. Before
analyzing single-cell samples, analytical columns must be evaluated
rigorously and deemed free of carryover, as previously described®?.
Other non-peptidic contaminants, such asleached plasticizers, phtha-
lates and ions derived from airborne contaminants, often appear as
singly charged ions and can be specifically suppressed by ion-mobility
approaches””* or, in the case of airborne contaminants, by simple
air-filtration devices, forexample, an active backgroundionreduction
device (ABIRD)".

Because the ratio of sample-preparation volume to protein con-
tent is significantly increased, the amount of reagents to protein
content is also significantly increased when preparing single cells

individually. Thus, reducing sample-preparation volumes mitigates the
effect of contaminantions originating fromreagents such as trypsin or
mass tags>*. Indeed, reducing sample-preparation volumes to 2-20 nl
proportionally reduces reagent amounts per single cell compared to
multiwell-based methods, whichin turnreduces the ion current from
singly charged contaminant ions®.

Sample preparation

Ideally, sample preparation should consist of minimal steps designed
to minimize sample handling, associated losses and the introduction
of contaminants. For bottom-up proteomic analyses, workflows must
include steps of cell lysis—protein extraction and proteolytic diges-
tion. Given the picogram levels of protein present in a single cell, it is
crucial to minimize contaminants and maximize sample recovery for
downstream analysis. Fortunately, the composition and geometries
of single cells isolated from patients and animals lend themselves to
disruption under relatively gentle conditions, such as a freeze-heat
cycle®”* or nonionic surfactants**°, Such clean lysis methods are
preferable over MS-incompatible chemical treatments (for example,
sodiumdodecylsulfate or urea) thatrequire loss-prone cleanup before
MS analysis*.. It can be beneficial to miniaturize processing volumes
to the nanoliter scale to minimize exposure to potentially adsorptive
surfaces?®, although such approaches may have limited accessibil-
ity. By contrast, sample preparations using low-microliter volumes
offer broadly accessible options'®*”** and are described in detailed
protocols®®,

Regardless of the selected preparation workflow, it is recom-
mended that cells be prepared in batches that are as large as possible
tominimize technical variability in sample handling. To thisend, several
liquid-handling tools have been successfully coupled with single-cell
proteomic workflows to increase throughput and reduce technical
variability. In particular, the Formulatrix MANTIS and the Opentrons
have been adapted for 384-well-plate-based sample preparation®**,
The cellenONE system has also been employed for several automated
protocols using microfabricated multiwell chips***** or using droplets
on glass slides”. We expect this landscape to continuously evolve
toward increased consistency and throughput of sample handling.

Maximizing sample delivery to mass analyzers

For sample-limited analyses, it is especially important to maximize
ionization efficiency (the fraction of gas-phase ions created from
solution-phase molecules) and the transmission of those ions to the
mass analyzer. Lower volumetric flow rates produce smaller, more read-
ily desolvated charged droplets at the electrospray source, leading to
increased ionization efficiency***. As such, reducing the flow rate of
separations fromhundreds to tens of nanoliters per minute canincrease
measurement sensitivity, but currently these gains must be achieved
with custom-packed narrow-bore columns and may compromise
robustness and measurement throughput®’. Maximizing separation
efficiencyis alsoimportant, as narrower peaks increase the concentra-
tion of eluting peptides and simplify the mixture entering the mass
spectrometer at agiven time.

A number of commercial nanoLC systems and columns provide
areasonable combination of sensitivity and efficiency for single-cell
proteomics, and these are recommended for most practitioners. Alter-
native high-resolution separation techniques employing orthogonal
separation mechanisms, for example, capillary electrophoresis and
ion mobility, as well as multidimensional techniques may potentially
be employed as front-end approaches in MS-based single-cell proteom-
ics™*¢. Increasing ion transmission in the mass spectrometer is gener-
ally the purview of instrument developers and companies, and future
gainsinthisareaare expected to further benefit single-cell proteomics.

Lastly, when injecting samples for analysis by LC-MS, because
of the low protein amount, it is often desirable to inject the entire
sample. If the samples are resuspended in too small of a volume, the
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autosampler may miss portions of the sample or may inject air into the
lines, which adversely affects chromatography. Thus, we recommended
striking the correct balance of suspension volume that prevents air
injections and maximizes sample delivery. This balance depends
partially on the autosamplers, sample vials and their shape and size.
One implementation shown to perform robustly includes injecting
one-microliter samples from 384-well plates>*%,

Controls

Experimental designs should provide an estimate of quantitative accu-
racy, precision and background contamination. Precise measurements
may arise from reproducing systematic biases, such as integration
of the same background contaminants. Measurement precision can
therefore be assessed by repeat measurements. By contrast, bench-
marking measurement accuracy requires positive controls, that s,
proteins with known abundances. One approach to benchmarking
isincorporating into the experimental design samples with known
quantitative values to assess quantitative accuracy. These controls
may be derived fromindependent measurements based on fluorescent
proteins or well-validated affinity reagents. Other positive controls
include spike-in peptides'®, proteins or even proteomes in predefined
ratios as performed for LFQbench experiments®.

When cells from clusters consisting of different cell types can be
isolated, therelative protein levels of the isolated cells may be quanti-
fied with validated bulk assays and used to benchmark inssilico averaged
single-cell estimates, an approach used by multiple studies*>'*'%%,
A positive control for sample preparation may include bulk cell lysates
dilutedtothe single-celllevel. Estimating protein amounts correspond-
ingtosingle cellsis challenging, and thus we recommend starting with
celllysate from precisely known cell numbers (for example, estimated
by counting cells withahemocytometer) and performing serial dilution
tothesingle-celllevel’. Negative control samples, which do not contain
single cells, should be processed identically to the single-cell samples.
Such negative controls are useful for estimating cross-labeling, back-
ground noise and carryover contaminants.

When matching between runs (MBR) is used to propagate
sequence identification, MBR controls should be included. Empty
samples contain fewions, if any, that may be associated withincorrect
sequences. Thus, using empty samples may lead to underestimating
MBR false discoveries. MBR may be evaluated more rigorously by
matching samples containing either mixed-species proteomes or
samples containing single-species proteomes and then estimating the
number of incorrectly propagated proteins. Such MBR controls (sam-
ples of mixed yeast and bacterial proteomes or only yeast proteomes)
have been used to benchmark sequence propagation withinarun’, and
similar standards should be used for benchmarking MBR. While MBR
is best evaluated in each study with samples designed to reflect the
analyzed proteomes, the field may benefit from preparing community
reference samples that were analyzed inmultiple laboratories and used
for benchmarking MBR algorithms.

Batch effects

Systematic differences between groups of samples (biological) and
analyses (technical) may lead to data biases, which may be mistaken
for cell heterogeneity, and thus complicate result interpretation or
sacrifice scientific rigor. To estimate and correct batch effects, treat-
ments and analytical batches must be randomized whenever possible*®.
We recommend that treatment and batches are randomized so that
batch effects can be corrected (estimate and remove batch effects
from data) or modeled (for example, include batch effect as a covari-
ateinmodels). When randomization is not performed, biological and
technical factors may be fundamentally inseparable. For experiments
in which randomization was not performed, downstream statistical
analyses should include the batch information as covariates. These
considerations are similar to those for bulk experiments, which have

been previously described®. Furthermore, we recommend that all
batchesinclude the same reference sample, which canbe derived from
abulk sample diluted close to asingle-cell level.

Statistical power

Studies should be designed with sufficient statistical power, which
depends oneffect sizes, on measurement accuracy and precision, and
on the number of single cells analyzed per condition. Simple experi-
ments with large effect sizes, such as analyzing different cell lines, can
achieve adequate statistical power with a few dozen single cells. Such
experiments were common as proof-of-principle studies demonstrat-
ing analytical workflows. By contrast, experimental designs including
primary cells, smaller effect sizes (for example, protein variability
within a cell type®) or multiple treatment groups or patient cohorts
require a much larger number of single cells and patients to achieve
adequate statistical power®°2,

Methods for MS data acquisition

Existing methods canbe groupedintolabel free, which analyze one cell
persample, and multiplexed, which analyze multiple cells per sample.
Label-free methods benefit from simpler sample preparation, while
multiplexed methods benefit from analyzing more cells per unit time”.
When multiplexing is performed by isobaric mass tags, quantification
isadversely affected by the co-isolation and co-fragmentation of pre-
cursors. This co-isolation can be mitigated by targeting the apexes of
elution peaks and using narrow isolation windows'*'®, The co-isolation
artifacts on quantification can be overcome by performing quantifi-
cation on peptide-specific and sample-specific ions, as in the case of
plexDIA, which multiplexes cells with non-isobaric mass tags”*. Isobaric
mass tags have been used in combination with a carrier sample, which
reduces sample losses and facilitates peptide sequence identification”.
Thisapproach hasraised concerns as high carrier amounts may allow
confident peptide identification without sampling sufficient pep-
tide copies from the single cells to achieve precise quantification®-°,
Toaddress these concerns, multiple groups have converged on guide-
lines for balancing the precision and throughput of single-cell analysis
using isobaric carriers>°.

Cross-validation using different MS methods

We recommend, when possible, cross-validating protein measure-
ments with different methods that share minimal biases. Often, such
cross-validationmay be performed using the same MS instruments, and
theresults may be directly reported and compared in the same paper.
Such cross-validation studies are particularly useful for supporting
new and surprising biological results.

As an example, Leduc et al.° observed a gradient of phenotypic
states and protein covariation within a cluster of melanoma calls not
primed for drugresistance. The authors cross-validated these observa-
tions by analyzing biological replicates of the melanoma cells both by
isobaric multiplexing with pSCoPE'® and by non-isobaric multiplex-
ing with plexDIA’. The results from the two methods were directly
compared and reported in parallel so that the degree of biological and
technical reproducibility canbe evaluated®. Cross-validation analysis
can also benefit from using different sample-preparation methods or
enzymes for protein digestion. Insuch cross-validation analyses, quan-
titative trends supported by multiple methods and biological replicates
aremore likely toreflect biological signals rather than method-specific
artifacts.

Method selection and optimization

The MS methods and their parameters should be selected depending on
the priorities of the analysis. Maximizing the number of cells analyzed is
best achieved with short separation times and multiplexed methods™.
Maximizing the proteome depthis best achieved with longer separation
methods, while maximizing the number of copies sampled per protein
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is best achieved with MS'-based methods and longer ion-accumulation
times”*. Multiple objectives, such asincreased consistency, dynamic
range and coverage, may best be simultaneously optimized with intel-
ligent data-acquisition strategies'®***"*%, The size of the isobaric car-
rier used can also help emphasize project priorities, such as depth
of proteome coverage versus copy number sampled per peptide*>*°.
Choosing optimal method parameters can be time consuming, and
software for systematic, data-driven optimization can speed up such
optimizations®.

Data evaluation and interpretation

Defining and evaluating reproducibility

Datareproducibility and evaluation can be performed at several levels
of increasing difficulty, namely, repeating, reproducing and replicat-
ing®®. Repeating a computational experiment or an analysis simply
consists of using the exact same data, code, software and environment
(typically the same computer), assuming that these are still available.
Reproducing an experiment or analysis is an attempt by a different
personthat will mimic the original setup by downloading dataand code,
without necessarily having access to the same software environment.
Replicationrepresentsafurther challengeinwhichtheresultsaretobe
obtained using new code, implementation and/or software; it is only
possible with extensive and detailed description of the performed
analyses. This description must include the versions of all software
and databases used as well as all search parameters, ideally saved as
structured documents, for example, xml.

Batch effects and cellular uniqueness

Two factors should be considered when reproducing single-cell pro-
tein measurements. First, no two cells are identical. Thus, we may
reasonably hope to reproduce clusters of cells and trends (such as
protein-abundance differences between cell types or cell states) but
not the exact molecular levels for each analyzed cell. Second, batch
effectsmay increase the apparent level of reproducibility (when biases
are shared between replicates, such as peptide adhesion losses or
co-isolation) or decrease it (when biases differ between replicates,
such as protein-digestion biases). Thus, assessments and reports of
reproducibility need to be specific about precisely what is being repro-
duced and how this may beimpacted by batch effects originating from
all steps, from cell isolation to data processing.

Evaluating quantitative accuracy

Quantitative accuracy is ameasure of how closely the measurements
correspond to known true values, as in the case of proteomes mixed in
experimenter-determined ratios (Fig.2a). When the true abundances
are not known, evaluating accuracy is not possible and is sometimes
confused with repeatability or precision. Yet, these quantities can
be quite different as illustrated in Fig. 2a. Similarly, high correlation
between replicates may be interpreted as evidence that the measure-
ments are quantitatively accurate. Thisinterpretation is wrong: many
systematic errors may lead to erroneous measurements that are none-
theless very reproducible. Thus, reproducibility alone is insufficient
to evaluate data quality.

Because single-cell proteomics pushes the limits of sensitivity
for MS-based measurements, the quality of measurements depends
onthe number of ions measured from each single-cell population®-°,
For example, if too few ions are sampled, the stochasticity of sam-
pling results in counting noise, that is, low-precision estimates and
technical variation in estimated protein abundances, which should
be clearly distinguished from biological variability*. Mixing ratios of
1:1can be used to evaluate ion sampling and precision but not accu-
racy because this ratio is not sensitive to systematic biases, such as
co-isolation and interference. Accuracy can be evaluated relative to
ground truth ratios, as created by mixing the proteomes of different

7,47

species in known ratios”"’.

As described in the cross-validation section, MS methods that
share minimal biases (for example, quantifying precursors at the MS!
level versus quantifying reporter ions at the MS? level) can also help
reducebiases. Thisapproach caninclude relative quantification from
established bulk methods if the analyzed cell types can be isolated as
bulk samples, as demonstrated with cell lines”*'. On a smaller scale,
accuracy may be estimated for a limited number of proteins by spiking
corresponding peptides at known ratios' or by using measurements
thatareasindependentas possible; suchindependent measurements
include fluorescent proteins, the abundance of which is measured
fluorometrically’, orimmunoassays with high specificity, such as prox-
imity ligation assays that enhance specificity by using multiple affinity
reagents per protein®.

Quantitative precision and accuracy are different metrics, the
importance of whichis highly dependent on the analysis. For example,
cell clustering benefits from high-precision measurements and may
tolerate low quantitative accuracy. By contrast, protein covariation
analysis®'? and biophysical modeling'?are more dependent on quantita-
tive accuracy. Thus, benchmarks should clearly distinguish between
accuracy and precision and focus on the metric that is more relevant
to the biological goals of the analysis.

Comparisons between absolute proteinintensities conflate vari-
ance dueto protein-abundance variation across the compared samples
(conditions) and across different proteins and may resultin misleading
impressions®”. For example, the high correlation between the pro-
teomes of T cellsand monocytes in Fig. 2b may be interpreted as indi-
catingthat the two proteomes are very similar. Yet, many proteins differ
in abundance reproducibly between T cells and monocytes (Fig. 2c).
Thus, correlations between estimates of absolute protein abundance
should not be used as benchmarks for relative protein quantification.

Evaluating quantitative consistency

Outside of carefully designed benchmarking experiments, the true
protein abundances are unknown, and thus the accuracy of quantifi-
cation cannot be directly benchmarked. However, it is often possible
to evaluate the reliability of MS measurements based on comparing
the quantitative agreement between (1) different peptide fragments
from the same peptide (Fig. 2d) or (2) different peptides originating
from the same protein.

For example, the internal consistency of relative quantification
for a peptide may be assessed by comparing the relative quantifica-
tion based on its precursors and fragments, as shown for single-cell
plexDIA datainFig.2d. The degree of (dis)agreement may be quantified
by the coefficient of variation (CV) for these estimates. Similarly, the
CVestimated from therelative levels of different peptides originating
fromthe same protein may provide a useful measure of reliability. This
analysisis limited by the existence of proteoforms®*** but nonetheless
may provide useful estimates of data quality. Note that this CVis very
different from the CV computed using absolute peptide intensities
orthe CVcomputed between replicates. In the latter case, when com-
paring CVs across different analytical or experimental conditions, it
isimperative to account for varying dataset sizes; that is, a rigorous
comparison between experimental methods would rely on peptides
and proteins identified and quantified across all samples, rather than
alsoincluding peptides and proteinsidentified uniquely inindividual
experiments®’.

Accounting for biological and technical covariates

Single cells differ in size and thus protein content. Consequently, cell
size is a major confounder for the differences in protein intensities
between cells®. The basic normalization strategy here consists of sub-
tracting fromlog-transformed protein quantities the respective medi-
ans across the proteins quantified'. However, this normalization can
beundermined ifthe subset of quantified proteins varies substantially
across single cells. Such variation may stem from differences in total
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Fig. 2| Evaluating and interpreting single-cell proteomic data. a, Quantitative
accuracy of protein ratios between samples A and B measured by label-free DIA
analysis relative to the corresponding mixing ratios denoted by dotted lines’.
Some proteins are quantified with high precision but low accuracy (for example,
ribosomal protein L8 (RPL8)), while others are quantified with high accuracy
and low precision (for example, RelA). E. coli, Escherichia coli. The proteomes of
T cellsand monocytes correlate strongly (b) despite the fact that many proteins
are differentially abundant between the two cell types (c). Data for b,c are

from Spechtetal.”’. d, Extracted ion chromatograms (XIC) from single-cell MS
measurements by plexDIA for a peptide from the high mobility group protein Al
(HMGAL). Such data allow quantifying peptides at both MS' and MS? levels, which
canbe used to evaluate the consistency and reliability of the quantification.

This example data from Derks et al.” show that relative levels estimated from
precursors (peach color) agree with the relative levels estimated from the
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corresponding summed-up fragments (green color). At both MS'and MS? levels,
three estimates are obtained based on the three scans closest to the elution peak
apex. The fold changes are between pancreatic ductal adenocarcinoma (PDAC)
and monocyte (U-937) cells. e, Different dimensionality-reduction methods
approximate the datain different ways. We simulated three-dimensional data
for three cell states, where one cell state (green) progressively diverges to two
distinct cell states (blue and red, top left). Projecting the data to two dimensions
loses information. Specifically, PCA loses the non-linear cycling effect and mixes
early (green) and intermediate (gray) cells, t-SNE does not correctly capture the
distances between the three populations, and diffusion maps do not capture the
noise in the data and compress the early state cells. DC1and DC2 correspond to
diffusion components1and 2. The code for this simulationis available at https://
github.com/SlavovLab/SCP_recommendations.

proteinamounts between cells or experimental variability, which may
lead to differences in the numbers of missing values and proteins accu-
rately quantified. In case of such variation, normalization should be
based onacommonsubset of proteins or againstacommon reference,
asdescribed by Franks et al.®>. Thus, processing of single-cell MS prot-
eomicdataislikely tobeimprovedin the future with the development of
more advanced normalization strategies, which may build upon those
developed for scRNA-seq experiments® to mitigate similar challenges.
To compensate for imperfect normalization, we suggest including a
variable representative of the cell size, such as total protein content
estimated from LC-MS data or forward scatter from flow cytometry,
asacovariate in downstream analyses.

Managing missing data

Oneof the common challengesin analyzing single-cell datais handling
the presence of missing values**°. These tend to be more prevalentin
single-cell proteomics than in typical bulk experiments as some pro-
teins may be below the limit of detection (especially in smaller cells) or
may not be sent for MS?analysis in every single cell. The latter problems

canbe fundamentally resolved by using DIA or prioritized data acquisi-
tion, and such methods substantially increase datacompleteness™**,

The missing data are a source of uncertainty that should be
propagated through the analysis and ultimately reflected in the
final conclusions. Many analyses may be conducted using only the
observed data (without using imputed values), which assumes that
the observed data are representative of the missing data. Yet, it is
often desirable to impute missing values as this enables additional
downstream analysis and may allow for explicit modeling of the miss-
ingness mechanisms. Indeed, imputation should take into account
the nature of missing data (for example, missing at random or not at
random®) in determining appropriate imputation methods. The type
of missingness is determined by the mechanism leading to missing
values, which depends on the algorithm for peptide sampling dur-
ing mass spectrometric analysis. Shotgun methods using the topN
heuristic introduce missing values that are more likely to occur at
random, as they originate from the stochastic selection of precur-
sors for MS? scans. By contrast, DIA and prioritized methods send
precursors for MS?scans deterministically, and most missing values
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likely correspond to peptides below the limit of detection rather than
those missing at random.

Comprehensive imputation methods for single-cell proteomics
are yet to be developed and benchmarked, but recommendations
developed for bulk proteomic methods may serve as useful guides®” .
While some recently developed methods for scRNA data may be
adapted to proteomics, ultimately, the field needs methods that are
specifically tailored to the mechanisms leading to missing peptides and
proteins. Multiple imputation can be used to quantify uncertainty in
theresults foragiven missing data method. Although computationally
demanding, it is also prudent to impute using different missing data
modelsto further characterize the sensitivity of the results to unverifi-
able assumptions about the missingness mechanism. A simple example
ofthisstrategy would be to perform downstream data analysis, such as
principal-componentanalysis (PCA), on theimputed dataand compare
theresults to the analysis performed on the unimputed data'®'®, Results
that are insensitive to different types of imputation models are more
reliable, while those that are contingent on the validity of a particular
assumptionabout missingness should be viewed with more skepticism.

Dimensionality reduction

High-dimensional single-cell data are often projected onto
low-dimensional manifolds to aid visualization and to denoise data.
While such projections can be useful, the reduced datarepresentations
areincomplete approximations of the full dataand often lose aspects
of the data, asillustrated in Fig. 2e by projecting a three-dimensional
datasetinto different two-dimensional projections. As such, different
low-dimensional projections may selectively highlight certain aspects
ofthe datawhile obscuring others (Fig. 2e). At worst, they may severely
distort the original data’. Thus, we recommend using dimensionality
reduction asaninitial data-analysis step that requires further scrutiny.
Conclusions derived fromreduced datarepresentations, such as clus-
tering of cells, should be validated against the high-dimensional data.
The validation canbe as simple as computing and comparing distances
between cellsinahigher-dimensional space, as demonstrated with mac-
rophage clusters defined based on single-cell RNA and protein data”.

While dimensionality-reduction representations can be useful for
visualization, clustering of cell types in low-dimensional manifolds is
inadequate for benchmarking quantification. Such representations
indicate whether the cells cluster in alow-dimensional space, but they
indicate little about the factors, whether biological or technical, that
couldbedriving the clustering. More fundamentally, low-dimensional
datareductions oftenaccount for only afraction of the total variancein
the dataand thus may exclude relevant sources of biological variability
(Fig.2e). Some methods, suchas PCA, better preserve global distances
and are thus more amenable to interpretation, as opposed to their
non-linear counterparts, such as ¢-distributed stochastic neighbor
embedding (¢-SNE)”? or uniform manifold approximation and projec-
tion (UMAP)”; in these two latter methods, the separation between cell
types is sensitive to various tuning parameters, which may introduce
subjectivity. Furthermore, only the small distances within clusters
areinterpretable. Thus, whenresults, such as cluster assignment, are
based on a low-dimensional manifold, we additionally recommend
showing the corresponding distances in higher-dimensional space,
for example, as distributions of pairwise distances between single cells
within and across clusters’’.

When dimensionality reduction is used for clustering cells, we
recommend including positive controls. These controls may be bulk
samples composed of purified cell types (if such isolation is possible)
from the same population as the single cells of interest. Such positive
controls should be prepared in tandem with the single cells. Next, both
positive controls and single cells can be projected simultaneously on
the low-dimensional manifold. This type of analysis provides useful
evidence for evaluating clustering'®*® patterns: the degree towhich the
positive controls and the single cells of the same type cluster together

indicates the consistency of the measurements. To further determine
whether sample preparationis driving any clustering, we also recom-
mend evaluating whether principal components correlate with tech-
nical covariates (such as batches, missing value rate or mass tags) and
correcting for these dependenciesif needed.

Managing and propagating uncertainty

As discussed above, assumptions about missing dataand the applica-
tion of dimensionality-reduction methods can substantially influence
the final conclusions. Thresholds, such as filters for excluding single
cells due to failed sample preparation or for excluding peptides due
to high levels of interference, can also influence the results'**%. Such
choices should be based on objective grounds, such as true and false
discovery rates derived from controls. For example, negative controls
allow establishing objective filters for failed single cells as already
implemented in multiple pipelines”***, When thresholds are set based
onsubjective choices, this should be explicitly stated, and the choices
should be treated as a source of uncertainty in the final results. The
sensitivity of theresults to allexperimental and methodological choices
should clearly be conveyed.

Interpreting features of single-cell proteomic data

Algorithms underlying peptide identification have evolved along
with technological advances in data generation to use the increasing
set of features from bulk proteomic data. Features measured at the
single-cell level may differ substantially from those of correspond-
ing bulk samples as lowly abundant fragments may not be detected
and other fragments may have lower signal relative to background
noise”™. Mitigating these challenges may benefit fromdirected efforts
dedicated to developing robust models trained on features that have
the greatest discriminatory power at the single-cell-level input. These
models may incorporate additional features with search engine results,
as implemented by mokapot” and DART-ID”®, To guard against false
identifications, we recommend scrutinizing any peptides identified
in single cells but not identified in larger bulk samples from the same
biological systems. Suchidentifications are likely incorrect, especially
for DIA experiments. Thus the spectrasupporting them (for example,
extractedion current) should be examined and data-analysis methods
should be reassessed.

To improve proteome coverage, new search engines may be
designed and optimized to exploit regular patterns in the data, such
astheprecisely known and measured mass shiftsin the precursors and
fragments of plexDIA data””’®. Indeed, current single-cell proteomic MS
methods are capable of measuring tens of thousands of peptide-like
features; however, only asmallfraction (between 1% and 10%) of these
features are assigned sequences at 1% FDR?***””, Anticipated models
that successfully address these unique challenges will enable identifica-
tionrates to approach those of bulk experiments and extend the utility
of single-cell proteomics in biomedical research®”’,

Reporting standards

The goal of reporting is to enable other researchersto repeat, repro-
duce, assess and build upon published data and their interpretation”.
While reproduction and replication do not guarantee accuracy,
they build trust in the analysis process through verifiability, thus
strengthening confidence in the reported data and results. Repli-
cation requires sufficient documentation of metadata, and a good
starting place for reporting metadata are formats developed for bulk
MS data®*°, including those specifically for proteomic data® and
those prepared by journals®** and societies®, as well as for scRNA-seq
data®. Nonetheless, single-cell MS proteomic data have additional
aspects that should be reported, which are the focus of our recom-
mendations. Below, we document what we believe is essential informa-
tion needed to provide value to single-cell proteomic data, metadata
and analysis results.
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Fig. 3 |Suggested descriptors of single-cell proteomic samples. Metadata
shouldinclude the experimental design table with rows corresponding to single
cellsand columns corresponding to the required and optional features listed

here (an example is provided as source data). Attributes provided in parentheses
are given as examples or for clarification. The green shading highlights required
descriptors, while gray shading includes anon-exhaustive list of optional
descriptors, which may also include spatial (for example, positionin tissues) and
temporal information for the cells when available. The descriptors (and their units,
whenrelevant) should be documented in the experiment’s dedicated README file.

Experimental design and method description
We recommend that the detailed design of the experiments should be
reported, whichincludes treatment groups, number of single cells per
group, sampling methods and analysis batches (Fig. 3). The experimen-
taldesignmay bereported as atablelisting each analyzed single cellon
its corresponding row and each descriptorinits corresponding column.
Specifically, columns document biological and technical descriptors,
that s, variables that describe the biology of the measured cells and
technical factors that are likely to influence the measurements.
Biological descriptors should contain sample type (such as single
cell, carrier, empty or control sample) and biological group, such as
treatment condition or patient or donor identifier, cell line, organism
and organ or part of origin (if cells from multiple organisms or multiple
organs are assayed) and biological characteristics for multisample
and/or multicondition studies. When available, additional biological
descriptors may include the cell type and/or cell state (for example,
their spatial and temporal information in tissues), physical markers
(forexample, pigmentation, measured by flow cytometry), cell size and
aspect ratio. These descriptors apply only to single-cell samples and
thus will remain empty for some samples, such as negative controls.
Note that some of these descriptors might be known before dataacqui-
sition (such as cell types based on different cell cultures or following
from flow cytometry sorting) or be the results of downstream analyses
(suchascelltypesor cell states inferred from clustering or differential
abundance analysis).

BOX1

Despite its apparent simplicity,
file naming deserves thoughtful
consideration

Files names should be unique (unlikely to be used in other studies)
and linked to the measurements in the file; additional good
practices are summarized in ref. °. We suggest thinking about file
naming and file-naming conventions to easily identify groups of
files pertaining to specific metadata elements or experiments. A
systematic file-naming convention allows files to be both machine
and human readable and searchable. File names should avoid
using any special characters and use the same character (such as a
dash or an underscore, rather than spaces) to separate the different
elements of the file names. If using dates to list files chronologically,
the YYYYMMDD format should be used. Finally, these naming
conventions and any abbreviations used as part of the file names
need to be documented in the main README file; see an example
provided as Supplementary Note 1.

Technical descriptors should include the raw data file names
(Box1) and acquisition dates, as well as variables describing the under-
lying technical variability. These descriptors include all batch fac-
torsrelated to cellisolation, sample preparation, peptide and protein
separation (chromatography or electrophoresis batches), operator(s)
andinstruments, and mass tags (in case of labeled quantitation). Such
a sample metadata table allows for quality control, for example, by
enabling verification that the number of rowsin the table matches the
number of cellsreported in the paper and that the number and names
of raw datafiles extracted from the table are compatible with the files
inthe datarepositories (see Box1). We encourage researchers to docu-
ment additional descriptors when needed, such as variables defining
subsets of cells pertaining to distinct analyses.

Thissample metadatatable should be complemented by atext file
(often called README) that further describes each of these descriptors
and the overall experiment. An example README file is included in
Supplementary Note1to facilitate standardization and datareuse. The
README file should containasummary of the study design and the pro-
tocols. The measurement units of descriptors (such as micrometers for
cell sizes) should also be documented in the README file, as opposed
to encoding them as a suffix in the descriptor’s name.

Data and code sharing
Ideally, raw and processed MS datashould be shared using open formats,
such as HUPO Proteomics Standards Initiative community-developed
formats dedicated to MS data: mzML®® for raw data, mzldentML® for
search results and mzTab® or text-based spreadsheets for quantitative
data. When binary formats from proprietary software are provided,
they should be converted into an open and accessible format as well
when possible. Raw data files and search results should be made avail-
able through dedicated repositories, such as PRIDE®* and MassIVE®.
Coderepositories, suchas GitLab or GitHub®, are ideal to store and
share code, scripts, notebooks and, when size permits, quantitative data
matrices. When these become too large to be stored directly with the
scriptsthat generate them, they shouldbe made availableininstitutional
or general-purpose open repositories, such as Zenodo or Open Science
Framework, or on publicly available cloud storage. The latter, however,
requiresacommitmentby the dataprovider to keep the data public. The
README file (Supplementary Note 1) containing the description of the
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experimental design and the differentlocations holding datashould be
provided in all these locations. The manuscript material and method
section and/or the supplementary information should provide experi-
mentidentifiersand links toall the external dataand metadataresources.

While these data-sharing recommendations apply broadly to prot-
eomic experiments, some are specific to single-cell proteomics (such as
single-cell isolation) and some are made more important because of the
aim to analyze tens of thousands of single cells per experiment®. Such
sample sizes are required to adequately power the analysis of dozens of
cellular clusters and states across many treatment conditions and individu-
als. Thelarge samplesizes, inturn, considerablyincrease theimportance of
reportingbatches, includingall variationsinthe course of sample prepara-
tionand dataacquisition, as well as the known phenotypic descriptorsfor
eachsingle cell. These reporting recommendations expand the essential
descriptors in the metadata. Large study sizes also heighten the impor-
tance of reporting datasets from intermediate processing steps, such as
search results and peptide x cell matrices, to reduce the computational
burden on reproducingindividual steps from the analysis.

Sharing data is necessary but insufficient for replication data
reuse. Any analysis of datais likely to require the associated metadata.
Furthermore, the exact processing of datashould be documented and
shared as it can profoundly influence the final results that are used to
infer biological interpretations. Data processing can hardly (and should
notneedto) beretro-engineered fromthe result files. Therefore, anno-
tated scripts or notebooks used to process, prepare and analyze the
datashould be provided with the data.

Using software for standardizing workflows across laboratories
facilitates reporting. Examples of such workflows include the scp R-
Bioconductor package*®”, the sceptre Python package’, the SCOPE2
pipeline'®**or the Scripts and Pipelines for Proteomics”. Packages that
allow comparingstructured and repeatable data processing, including
evaluating different algorithms for a processing step, provide further
advantages*®”’. Software platforms that support exporting the com-
mands and parameters used should be strongly preferred because audit
log and/or parameter files can help tracking and later reproducing the
different processing steps, including software and the versions used at
each step. We strongly advise against using non-reproducible software
given the difficulty in capturing their operation.

Result reporting

Giventherapid evolution of the field, specific description of the meth-
odsshould be favored over simply referring to other publications using
‘as previously analyzed in ref’. When reporting results, it should be
made clear which data the result refers to. This is, for example, crucial
whenreporting CVswhen CVs onlog-transformed data are lower than
those on the linear scale. CVs can be used to quantify very different
quantities, such as repeatability between MS runs or consistency of
protein quantification based on different peptides, and thus the exact
quantity must be explicitly specified. Similarly, researchers should
systematically report major features of the data that influence the
results and how these were observed and addressed throughout the
dataanalysis. These typically include missing values and batch effects.
Reproducibility requires going beyond the minimalist ‘material and
method’ sections that often fail to describe the processing of samples
and data to enable their replication.

Often, studiesinclude several sets of raw, identification and quan-
titation files, addressing different research questions, such as different
instruments or MS settings, different cell types or growth conditions,
and different individuals. A single dump of all files makes data reuse
challenging. In such situations, itis advisable to split the file in different
folders, following a consistent structure. The high-level README file,
already mentioned above, should describe what each of these folders
correspond to, and each folder should contain its own README file
describing its content in detail and the specific points that these sets
of filesaim to address.

As described above, data-acquisition strategies are inextricably
linked to both the number of proteins quantified and the quality of
quantitationinsingle-cell proteomic experiments. While the reporting
of MS acquisition detailsis not necessarily required for datareanalysis,
acquiring similar data could be impractical or impossible if key details
are not reported. This is even more evident with the rise of intelligent
data-acquisition strategies that often have more advanced, non-standard
parametersor use third-party (non-vendor)-supplied software. Luckily,
most raw data files report the parameters used for analysis and some
vendors have enabled method generation from araw datafile. However,
for instances in which third-party software makes real-time decisions
that alter mass spectrometer operation, the software should be made
availabletothe broader research community. Ideally this software would
beopensource.Ifitneedstobe delivered asacompiled executable, the
underlying algorithms should be described in such a way that others
couldreproduce asimilar method. Furthermore, the reporting of param-
etersrelevant to the decisions made in real time as well as the output of
real-time decisions would ideally be provided. These considerations
would enable fasterimplementationin laboratories attempting to rep-
licate published results on their own instrumentation.

Conclusions and perspectives

These reporting guidelines might give the impression that a lot of
additional work is expected when reporting on studies according to
our recommendations, many of which apply to all proteomic studies.
Yet, the recommendations merely highlight good scientific prac-
tice to be implemented continuously, starting when the research
is designed, when the data are acquired, processed and eventually
interpreted. When so implemented, they become habits enabling
robust research rather than a burden to be addressed at the end of
theresearch project. Data, metadata and analysis documentation and
reporting happen at different stages of the analysis process and rely
on each other. The investment that we are suggesting here is simply
work thatis spread across the research project, rather than extrawork
done at the very end of it™.

We believe that the adoption of guidelines for performing and
reporting single-cell proteomic studies by the scientific community
and their promotion by journals and dataarchivesis essential for estab-
lishing solid foundations for this emerging field. The suggested report-
ing standards will facilitate all levels of replication and thus promote the
dissemination, improvement and adoption of single-cell technologies
and dataanalysis. Sound data evaluation and interpretation will further
promote the reuse of single-cell proteomic data and results outside of
thelaboratories that currently drive the domain andincrease second-
ary added value of our experiments and efforts.

We hope and expect that the initial guidelines offered here will
evolve with the advancement of single-cell proteomic technologies”,
the increasing scale and sophistication of biological questions inves-
tigated by these technologies and the integration with other data
modalities, such as single-cell transcriptomics, spatial transcrip-
tomics, imaging, electrophysiology, prioritized MS approaches and
post-translational-modification-level and proteoform-level (that is,
top-down) single-cell proteomic methods. We invite the community
todiscuss these guidelines and contribute to their evolution. We hope
tofacilitate such broader contributions viaan online portal at https://
single-cell.net/guidelines.

Data availability
We did not generate new data for thisarticle. Source data are provided
with this paper.

Code availability
We did not generate new code for this article. The code used for sim-
ulations and plotting is available at https://github.com/SlavovLab/
SCP_recommendations.
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