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Extended Data Fig. 7| Summary of the performance of the fourteen multi- (and/or alarger dot) indicates better performance for a given metrics. (iii) the
omics prediction algorithms. The figure shows: (i) the properties of these computer time and memory consumed by these algorithms for different sizes
algorithms, including the programming languages, methodologies, and GPU of datasets; ‘NA’indicates amemory error or invalid result. Source data for this
acceleration requirements. (ii) the overall performance of these algorithms, figureare provided.
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Extended Data Fig. 8| Summary of the performance of the fifteen vertical metrics. (iii) the computer time and memory consumed by these algorithms for
integration algorithms. The figure shows: (i) the properties of these algorithms, different sizes of datasets; ‘NA’ indicates a memory error or invalid result. Source
including the programming languages, methodologies, and GPU acceleration data for this figure are provided.
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metricsinboth the inter- and intra-scenarios. (iii) the computer time and memory
consumed by these algorithms for different sizes of datasets; ‘NA’indicates a
memory error or invalid result. Source data for this figure are provided.
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Extended Data Fig. 10 | Summary of the performance of eight mosaic ten metrics inboth the inter- and intra-scenarios. (iii) the computer time
integration algorithms. The figure shows: (i) the properties of these algorithms, and memory consumed by these algorithms for different sizes of datasets;
including the programming languages, methodologies, and GPU acceleration ‘NA’indicates amemory error or invalid result. Source data for this figure
requirements; (i) the overall performance of these algorithms, evaluated by are provided.
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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
IZ 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

|X’ 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
N Gjve 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

OXX O OO0 000F%

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  No software was used for data collection.
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Data analysis We compared the performance of 12 multi-omics prediction algorithms: BABEL(integrated in DANCE v1.0.0rc0), CMAE(integrated in DANCE
v1.0.0rc0), MultiVi(v0.19.0), LS_Lab (updated Feb 7, 2022), scMoGNN(integrated in DANCE v1.0.0rc0), Seurat(v4.3.0.1), LIGER(v1.0.1),
totalVI(v0.19.0), scArches(v0.5.9), cTP-net(v0.2.4), sciPENN(v0.9.6), scVAEIT(v0.0.0), scMOG(updated May 17, 2023), and Guanlab-dengkw
(updated Mar 16, 2022).

We also compared the performance of 18 multi-omics integration algorithms: totalVI(v0.19.0), scAl(v1.0.0), MOFA+(v0.7.0), Seurat(v4.3.0.1),
scArches(v0.5.9), CiteFuse(v1.10.0), SCOIT(v0.1.2.1), MOJITOO(v1.0), MultiVI(v0.19.0), DeepMAPS(v1.16.0), Schema(v0.1.5.5), MIRA(v2.1.0),
scMVP(v0.0.1), scVAEIT(v0.0.0), Multigrate(v0.0.2), UINMF(v1.0.1), scMoMaT (v0.2.2), StabMap (v0.1.8).

For peak calling, cisTopic (v0.1) was employed for SNARE-seq datasets; Cell Ranger ATAC (v2.0.0) was used for ISSAAC-seq datasets; Cell
Ranger (v3.0) and Cell Ranger ARC (v1.0.0) were used for DOGMA-seq datasets; Cell Ranger ARC (v1.0.0) was used for TEA-seq datasets; Cell
Ranger ARC (v2.0.0) was used for 10x Multiome datasets; and MACS2 (v2.1.2) was used for SHARE-seq technology datasets.

We utilized Signac (v1.2.0) to calculate the DORC, merge peaks, and create a unified peak set for multi-dataset analysis. Scanpy (v1.9.4) was
used to preprocess the data, and scIB (v1.1.4) was employed to calculate all metrics for evaluating the multi-omics integration algorithms.

The code used in this paper is available at https://github.com/QuKunLab/MultiomeBenchmarking.
The files in prediction_env and integration_env provided the software dependencies along with their version numbers.
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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

Dataset 1: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE128639.

Dataset 2: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE194122.

Dataset 3: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE201048.

Dataset 4: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE100866.

Dataset 5: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM4972212.

Dataset 6: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE163120.

Dataset 7: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE175702.

Dataset 8: CITE-seq, available at https://support.10xgenomics.com/single-cell-gene-expression/datasets/3.0.0/malt_10k_protein_v3

Dataset 9-10: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE149544.

Dataset 11: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE148127.

Dataset 12-13: CITE-seq, available athttps://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE164378.

Dataset 14-15: CITE-seq, available at https://zenodo.org/record/6348128#.Y5f40LJBzDU.

Dataset 21-22: CITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE150599.

Dataset 23-24: REAP-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE100501.

Dataset 25-26 and Dataset 40-41: DOGMA-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE156478.

Dataset 27 and Dataset 42: TEA-seq, available at https://www.ncbi.nim.nih.gov/geo/query/acc.cgi?acc=GSE158013.

Dataset 28: inCITE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE163480.

Dataset 29-30: SHARE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE140203.

Dataset 31: SNARE-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE126074.

Dataset 32: ISSAAC-seq, available at https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-11264.

Dataset 33: 10x Multiome, available at https://www.10xgenomics.com/resources/datasets/frozen-human-healthy-brain-tissue-3-k-1-standard-2-0-0.
Dataset 34: 10x Multiome, available at https://www.10xgenomics.com/resources/datasets/pbmc-from-a-healthy-donor-granulocytes-removed-through-cell-
sorting-10-k-1-standard-2-0-0.

Dataset 35: 10x Multiome, available at https://www.10xgenomics.com/resources/datasets/pbmc-from-a-healthy-donor-granulocytes-removed-through-cell-
sorting-3-k-1-standard-2-0-0.

Dataset 36: 10x Multiome, available at https://www.10xgenomics.com/resources/datasets/pbmc-from-a-healthy-donor-no-cell-sorting-10-k-1-standard-2-0-0.
Dataset 37: 10x Multiome, available at https://www.10xgenomics.com/resources/datasets/pbmc-from-a-healthy-donor-no-cell-sorting-3-k-1-standard-2-0-0.
Dataset 38: 10x Multiome, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE201402.

Dataset 39: 10x Multiome, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE194122.

Dataset 43: scRNA-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE132901.

Dataset 44: scRNA-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE181251.

Dataset 45: scRNA-seq, available at https://0-www-ncbi-nlm-nih-gov.brum.beds.ac.uk/geo/query/acc.cgi?acc=GSE246147.

Dataset 46: scRNA-seq, available at https://0-www-ncbi-nlm-nih-gov.brum.beds.ac.uk/geo/query/acc.cgi?acc=GSE175702.

Dataset 47: scATAC-seq, available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE181251.

The raw data of these datasets are also available at : https://mailustceducn-my.sharepoint.com/:f:/g/personal/hyl2016_mail_ustc_edu_cn/
EgYFP7tITKBBuAhkdtriOg4B1Eyo-_iBx1VKBWSKOr-9rA?e=gmhocx. A summary of these datasets is given in Supplementary Table 2-3.
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Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender Not applicable

Population characteristics Not applicable
Recruitment Not applicable
Ethics oversight Not applicable

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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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.

Life sciences |:| Behavioural & social sciences |:| 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 We used 47 single-cell multiomics datasets from published studies, including 25 RNA+Protein, 11 RNA+ATAC, 3 RNA+ATAC+Protein, 4 scRNA-
seq, and 1 scATAC-seq datasets. All the data used are from public domains, and the sample size is determined in the original publication. The
RNA+Protein datasets were generated using CITE-seq, inCITE-seq and REAP-seq, the RNA+ATAC datasets were produced using 10X
Multiomics, SHARE-seq, SNARE-seq, and ISSAAC-seq, and the RNA+ATAC+Protein datasets were obtained via TEA-seq and DOGMA-seq. The
details of these datasets are listed as follows:

Dataset 1 has 30672 cells, 17009 RNAs, and 25 Proteins;
Dataset 2 has 66175 cells, 13953 RNAs, and 134 Proteins;
Dataset 3 has 85000 cells, 22950 RNAs, and 16 Proteins;
Dataset 4 has 8613 cells, 36280 RNAs, and 13 Proteins;
Dataset 5 has 21589 cells, 14131 RNAs, and 268 Proteins;
Dataset 6 has 24559 cells, 12411 RNAs, and 174 Proteins;
Dataset 7 has 10473 cells, 18162 RNAs, and 38 Proteins;
Dataset 8 has 8412 cells, 33555 RNAs, and 17 Proteins;
Dataset 9 has 12224 cells, 16549 RNAs, and 11 Proteins;
Dataset 10 has 12119 cells, 15989 RNAs, and 11 Proteins;
Dataset 11 has 13052 cells, 19848 RNAs, and 34 Proteins;
Dataset 12 has 161764 cells, 33538 RNAs, and 228 Proteins;
Dataset 13 has 49147 cells, 33538 RNAs, and 54 Proteins;
Dataset 14 has 7108 cells, 33514 RNAs, and 52 Proteins;
Dataset 15 has 3362 cells, 33514 RNAs, and 52 Proteins;
Dataset 16 has 7865 cells, 33555 RNAs, and 17 Proteins;
Dataset 17 has 355433 cells, 15354 RNAs, and 38 Proteins;
Dataset 18 has 78531 cells, 26078 RNAs, and 21 Proteins;
Dataset 19 has 21043 cells, 26078 RNAs, and 21 Proteins;
Dataset 20 has 500089 cells, 33538 RNAs, and 31 Proteins;
Dataset 21 has 16828 cells, 13553 RNAs, and 112 Proteins;
Dataset 22 has 15820 cells, 13553 RNAs, and 209 Proteins;
Dataset 23 has 3158 cells, 32738 RNAs, and 48 Proteins;
Dataset 24 has 4330 cells, 32738 RNAs, and 48 Proteins;
Dataset 25 has 7624 cells, 36495 RNAs, and 210 Proteins;
Dataset 26 has 6139 cells, 36495 RNAs, and 210 Proteins;
Dataset 27 has 25517 cells, 17882 RNAs, and 46 Proteins;
Dataset 28 has 19279 cells, 12526 RNAs, and 4 Proteins;
Dataset 29 has 34774 cells, 23296 RNAs, 338300 peaks;
Dataset 30 has 2344 cells, 10203 RNAs, 7622 peaks;
Dataset 31 has 8055 cells, 12775 RNAs, 90358 peaks;
Dataset 32 has 10361 cells, 15342 RNAs, 169134 peaks;
Dataset 33 has 2855 cells, 16910 RNAs, 130862 peaks;
Dataset 34 has 10137 cells, 15408 RNAs, 139470 peaks;
Dataset 35 has 2592 cells, 11755 RNAs, 80445 peaks;
Dataset 36 has 8105 cells, 14184 RNAs, 102360 peaks;
Dataset 37 has 2413 cells, 10860 RNAs, 60639 peaks;
Dataset 38 has 9383 cells, 6275 RNAs, 59353 peaks;




Dataset 39 has 69249 cells, 13431 RNAs, 103375 peaks;
Dataset 40 has 7624 cells, 28310 RNAs, 68825 peaks;
Dataset 41 has 6139 cells, 28310 RNAs, 68825 peaks;
Dataset 42 has 25517 cells, 17882 RNAs, 128853 peaks;
Dataset 43 has 26843 cells, 8795 RNAs;

Dataset 44 has 19089 cells, 15276 RNAs;

Dataset 45 has 6361 cells, 32877 RNAs;

Dataset 46 has 5579 cells, 16045 RNAs;

Dataset 47 has 25938 cells, 283817 peaks.

Data exclusions  No data was excluded from the study. In the data preprocessing step, we utilized Seurat's quality control filters (‘CreateSeuratObject()’) with
parameters described in the original papers to eliminate low-quality cells, genes, and/or DNA fragments (i.e., “peaks” in scATAC-seq data). See
Supplemental Tables 2-3 for more details on these datasets.

Replication To ensure the reproducibility of our experimental findings, we verified the performance of fourteen multi-omics prediction algorithms and
eighteen integration algorithms across multiple datasets under two scenarios. In the test of computational resources, we repeated the
sampling process five times for each cell count and conducted the test twice for each dataset to minimize randomness. When examining the
effect of varying cell/RNA counts on the performance of prediction algorithms, we replicated this sampling process five times for each cell
count/RNA count to ensure the reliability of our findings. Additionally, to assess the impact of the proportion of overlapping cell types
between training and test datasets on prediction performance, we constructed five distinct groups of datasets, each with a varying proportion
of overlapping cell types, to guarantee robustness.
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Randomization  To evaluate the performance of multi-omics prediction algorithms, we adopted two scenarios. In the intra-dataset scenario, we randomly split
the cells in the dataset into an 80% training set and a 20% test set, with an equal probability for each cell to be assigned to either set. In the
inter-dataset scenario, we used one dataset as the training set and the RNA expression matrix of another dataset as the test set. When
examining the effect of varying cell counts, RNA counts, and the proportion of overlapping cell types between training and test datasets on
the performance of prediction algorithms, each cell, RNA, or cell type is equally likely to be selected.

Blinding In the comparison of prediction algorithms, all algorithms were blinded to the ground truth of protein abundance or chromatin accessibility
information in the test set. The outputs from these algorithms were then compared to the ground truth available in the respective datasets.
Similarly, in the comparison of integration algorithms, all algorithms were blinded to the reference cell type labels. The results generated by
these algorithms were then compared to the reference cell type labels available in the respective datasets.

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 |:| ChiIP-seq
|:| Eukaryotic cell lines |:| Flow cytometry
|:| Palaeontology and archaeology |Z |:| MRI-based neuroimaging

[] Animals and other organisms
[] Clinical data

|:| Dual use research of concern
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