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the detailed error rates for the top-ten workflows, most of which attained relatively low error
rates (with only the ninth-ranked workflow exceeding 20%) and exhibited a fluctuating but
overallincreasing trend in error rates with ranking. This pattern aligned with the results
observed in the CSlanalysis, reinforcing that ANPELA effectively prioritized high-performing
processing workflows, with performance generally declining at lower rankings.

Moreover, an interesting observation in this benchmark dataset is that the ectodermiis
positioned between the mesoderm and endoderm in the dimensionality reduction results of
boththe first and tenth-ranked workflows. This may appear counterintuitive to researchers,
asit does not align with the relative anatomical positions during embryonic development.
Toinvestigate this further, we reviewed the original publication from which the dataset was
derived®. The findings reported in that study were consistent with ours, showing the ectoderm
situated between the mesoderm and endoderm. In our opinion, although the mesoderm s
anatomically located between the ectoderm and endoderm during embryogenesis, the spatial
arrangement in dimensionality reduction plots reflects similarities in gene expression profiles
rather than physical spatial relationships. The fact that both the top-ranked and tenth-ranked
workflows placed the ectoderm between the mesoderm and endoderm may indicate that the
gene expression profile of the endoderm is more closely related to that of the ectoderm than to
the mesoderm. A literature review supported that certain genes (for example, KLF7) exhibited
more similar expression patterns between the endoderm and ectoderm compared with
mesoderm®’. However, to the best of our knowledge, no existing study has definitively explained
why the ectodermis positioned between the mesoderm and endoderm in such analyses, leaving
this as an open question for future investigation.

Exploring method performances based on multiple benchmarks

The identification of high- or low-performing methods across multiple datasets is indeed of
great practical relevance. To identify high- or low-performing workflows, an empirical analysis
of ten benchmarks (five each for CSl and PTI, as offered in Table 1) were therefore conducted. In
each benchmark, the top-50 ranked workflows were defined here as high-performing (hereafter
‘top-workflows’) and the bottom-50 as low-performing (‘bottom-workflows’).

For the compensation step, it is known that most compensation methods need the extra
spillover information®®, but only two out of the ten datasets studied in this analysis provided
their additional spillover data, which thus greatly limited the application of most compensation
methods. In other words, the frequency of methods in top/bottom-workflows (for the CSland
PTI) are dramatically affected by (highly dependent on) the analyzed dataset. For instance,
the sPR (a compensation method that requires additional spillover of single-stained beads
controls) could not be evaluated due to the absence of required spillover datain all five
benchmarks, resultingits absences in both bottom- and top-workflows, while the cTs (does
notrequire additional input) frequently appears in both bottom-workflows (30%) and top-
workflows (26%) in the CSl studies. Similar trend was observed in the PTI analyses. Due to the
dependency of method’s frequencies in top- and bottom-workflows, it is difficult to discover
the methods that are high/low-performing, but the ones that do not require spillover data were
found frequently appearing in bottom- and top-workflows.

For the transformation step, in CSlanalysis (shownin Supplementary Fig.5), ARNappeared
most frequently in the top-workflow (23%), while Qua was among the most frequently observed one
inbottom-workflow (14%). Similar results were found for PTI (as shown in Supplementary Fig. 6),
ARNwas again the most popular one for top-workflow (10%), while Qua remained the most
frequent one in bottom-workflows (10%), although the advantage of ARNin PTIwas less
pronounced thanin CSI. For the normalization step, in CSlanalyses (shownin Supplementary Fig. 5),
MMN was the most frequent one in top-workflows (24%), while MEa was most observed in
bottom-workflows (35%). In PTI study (illustrated in Supplementary Fig. 6), csnshowed most
oftenin top-workflows (30%), while MMN was found to be the most frequent one in bottom-
workflows (38%). For the signal clean step, in CSI studies (Supplementary Fig. 5), NON gave the
highest frequency in top-workflows (33%), while pQc had the highest frequency for bottom-
workflows (34%). In PTl analysis (Supplementary Fig. 6), FAT and PQc topped in top- (30%) and
bottom-workflows (30%), respectively. Overall, the empirical analyses above revealed some
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methods that are high/low performing. The most notable ones among them include ArRN and
oua transformation methods. The arN frequently exhibited good performances in both CSI
and PTItasks, while the Qua frequently demonstrated poor performances in both CSland PTI
tasks. This result aligned with literature survey showing that ARN was recommended by the
well-established software PhenoGraph' as a default setting, while Qua has been seldom used in
cytometry-based SCP analysis for the past 5 years. We also observed that high/low-performing
methods varied between CSland PTI studies, reflecting data- and task-dependent nature of
processing outcome?. This finding underscored the importance of providing the user with
dataset-dependent processing workflow recommendation, which is the core motivation for
developing ANPELA protocol.

Reporting summary
Furtherinformation on research designis available in the Nature Portfolio Reporting Summary
linked to this article.

Data availability
All datasets that were analyzed within this protocol had been made downloadable on the
website https://idrblab.org/anpela/ANPELA_exampledata.zip. These datasets were also
accessiblein the SingPro database (https://idrblab.org/singpro/) through IDs SCP57021,
SCP11272,SCP43132,SCP77365,SCP80719, SCP47065, SCP37430, SCP36391, SCP96723 and
SCP93731.

Code availability
Allsource codes of this protocol are available for use under a GPL v3 license and can be acquired
via GitHub at https://github.com/idrblab/ANPELA. ANPELA web platformiis freely available for
academic purposes at https://idrblab.org/anpela. ANPELA desktop software is available for

academic use at https://idrblab.org/anpela/ANPELA-Setup.exe.
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a User-friendly Graphical User Interface of ANPELA Software

!! 3.0 [=n'pel?]
/ N /E /L /A Navigating the Data Processing
for Single-cell Proteomics

.m o Single-cell Proteomics
]

rmmm——-

Start the Data Processing

STEP-1: Data Upload

@ Upload User Data
O Load Sample Data
Please Select the Study Type

@ Cell Subpopulation Identification (CSI)
O Pseudo-time Trajectory Inference (PTI)
Please Indicate the Cytometry Type

@ Flow Cytometry (FC)
O Mass Cytometry (MC)

© Textual Tutorial @ Interactive Tutorial .
]

>--

Open the Interactive Tutorial

Welcome to ANPELA!

Here is a basic demonstration of
how to use ANPELA.

Back Next

----+ Download the Textual Tutorial

©® Textual Tutorial
Bulk Proteomics

Single-cell Proteomics

b Date Preparation of the Required Data gmmmmmmmm—-e- *metadata.csv
i Column1 Column 2

ANPELA - ° i CSl-related PTl-related
N # C (G >uUser>ANPELA _ J[search Q) i filename || condition || timepoint
Name Type Size i Sample_1 CTRL 0 hour
[1Sample_1.fcs  FCSfile 35,000 KB '
M sample_2.fcs  FCS file 20,000 KB { | Sample_2 | CTRL 1 hour
) Sample_3.fcs FCS file 35,000 KB E Sample_3 CTRL 2 hour
) Sample_4.fcs  FCSfile 40,000 KB i Sample_4 CASE 3 hour
) Sample_5.fcs  FCS file 27,000 KB i -
) Sample_6.fcs  FCS file 33,000 KB i |Sample 5 || CASE 4 hour
in.metadata.csv  CSV file 1KB¢--F---- | Sample_6 CASE 5 hour

Extended DataFig. 1| Graphical User Interface of ANPELA and Preparation
of Required Data. (a) The navigation bar of ANPELA software included ‘'HOME’,
‘Single-cell Proteomics’, ‘Textual Tutorial’, and ‘Interactive Tutorial’. Clicking

on ‘Single-cell Proteomics’initiated data upload and processing. Clicking on
‘Textual Tutorial’ permitted downloading the textual tutorial. Clicking on

‘Interactive Tutorial’ opened a step-by-step interactive tutorial. (b) The essential
datarequired by ANPELA included FCSfiles (i.e., raw data files) generated from
cytometry-based SCP experiments and a metadata file describing the correlation
between the raw data and experimental conditions. The metadata file was a user-
created file named ‘metadata.csv’, containing key information in two columns.
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a Interface of Data Processing and Performance Assessment

Data Processing Performance Assessment

1. Please Select Compensation Method(s)
AutoSpill
O FlowCore

-+ a total of 7 methods

2. Please Select Transformation Method(s)
Arcsinh Transformation
Asinh with Non-negative Value

-+ a total of 16 methods

3. Please Select Normalization Method(s)
GaussNorm

(J Warpset

-+ a total of 7 methods

4. Please Select Single Clean Method(s)
FlowAl

O FlowClean

-+ a total of 5 methods

\[2.4)

Criterion Ca. Accuracy

Please Select the Assessing Metric

AUC v
Criterion Cb. Tightness

m Internal Evaluation Coherence
Silhouette coefficient (SC) v
Criterion Cc. Robustness

Please Select the Assessing Metric

relative weighted consistency (CWrel) ¥

Criterion Cd. Correspondence

() Upload the reference file containing
the prior knowledge of marker(s)

b Outcomes of Performance Assessment
Ranking_Table.csv

Rank Ca Cb Cc

Workflow A 1 0.937 0.857 0.586
Workflow B 2 0.915 0.843 0.503
Workflow C 3 0.940 0.671 0.429
Workflow D 4 0.793 0.791 0.332
Workflow E 5 0.719 0.728 0.315

Workflow X-1 N-1 0.524 0.312 0.149
Workflow X N 0.519 0.286 0.121

Extended DataFig. 2| GUI of Processing & Assessment and Outcomes of
the Assessment. (a) Simplified GUI for data processing and performance
assessment in the desktop software of ANPELA. (b) Results of performance

Ranking_Figure.pdf

Rank 1 Workflow A

Ca Cb Cc
I N
Rank 2  Workflow B ---
Rank 3  Workflow C ---
rank 4 workflow D [ NN I
Rank5 Workflow E ---
Rank 6 Workflow F -- -
Rank X-1 Workflow X-1 ---
rank x  Workflow X [ |

assessment consist of ‘Ranking_Table.csv’ and ‘Ranking_Figure.pdf’, which
respectively recorded criteria values and performance levels for all executed data
processing workflows.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
S~
Q

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection The data used in this study was downloaded from public sources. All data were processed using R script.

Data analysis Data analysis used R v4.4.1; ANPELA v1.0.0; data.table v1.17.0; doParallel v1.0.17; foreach v1.5.2; ggplot2 v3.5.2

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All datasets that were analyzed within this protocol had been made downloadable on the website: https://idrblab.org/anpela/ANPELA_exampledata.zip. These

datasets were also accessible in the SingPro database (https://idrblab.org/singpro/) through IDs: SCP57021, SCP11272, SCP43132, SCP77365, SCP80719, SCP47065,
SCP37430, SCP36391, SCP96723, & SCP93731.
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Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or N/A
other socially relevant groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A
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Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

E Life sciences D Behavioural & social sciences D Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size All available data were used for benchmark.

Data exclusions N/A

Replication Code and method details were carefully checked for completeness and replicability.

Randomization The random seeds have been fixed in the code, ensuring that the analysis results are not affected by randomness.
Blinding N/A

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies [Z] D ChIP-seq

Eukaryotic cell lines E] D Flow cytometry
Palaeontology and archaeology D MRI-based neuroimaging
Animals and other organisms

Clinical data
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